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Abstract

The increasing penetration of distributed photovoltaic (PV) generation
and the rapid growth in electric vehicle (EV) adoption have substantially
increased operational, safety, and economic pressures on distribution net-
works. Intermittent renewable output and stochastic charging demand have
pushed existing security margins and the network’s new-energy acceptance
capacity to unprecedented limits. To better exploit the consumption potential
of coordinated PV-storage-charging resources and to raise the distribution
network’s capacity to accommodate new energy and diverse loads, this study
examined the multi-objective acceptance-capacity optimization problem for
a coordinated PV-storage-charging system. We proposed an innovative bi-
level optimization framework. The upper level introduced a multi-objective
optimization algorithm to balance conflicting goals — maximizing PV accep-
tance capacity, minimizing voltage deviations at key nodes, and minimizing
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total investment and operating costs — and to identify optimal interconnection
locations and capacity allocations for PV-storage-charging systems. On the
basis of the upper-level decisions, the lower level utilized a second-order cone
programming (SOCP) relaxation technology to transform the distribution
network’s nonlinear power flow constraints into a convex optimization model
that can be efficiently solved. This yielded a solvable convex model for
detailed, cost-effective operational scheduling of the PV-storage-charging
system within the planning horizon. The proposed optimization framework
was validated on the IEEE 33-node standard distribution network model
through numerical simulations. The experimental results showed that the pro-
posed optimization framework significantly enhanced the overall operational
performance of the distribution network. Compared to a conventional single-
objective capacity configuration scheme, the proposed framework increased
PV acceptance capacity by 32.7% on a representative operating day, reduced
maximum voltage deviations at key nodes by 8.2%, and raised the voltage
qualification rate to 99.3%. Coordination among PV modules, energy units,
and charging piles also lowered investment and operating cost per unit
capacity by approximately 26.3 yuan/kW. The results demonstrated that the
proposed optimization framework effectively promoted on-site consumption
and efficient utilization of renewable energy, mitigated voltage violations, and
contributed to peak load shaving and valley load filling. The research results
provide both theoretical insight and practical solutions for addressing tech-
nical challenges associated with high-penetration renewable energy sources
and diverse loads in distribution networks.

Keywords: Distribution network acceptance capacity, coordinated
photovoltaic-storage-charging system, multi-objective optimization, second-
order cone programming, investment cost optimization.

1 Introduction

Against the global backdrop of a coordinated transition to low-carbon energy
structure and the electrification of transportation, distribution networks are
undergoing a fundamental operational transformation [1, 2]. Large-scale inte-
gration of distributed photovoltaic (PV) generation has significantly increased
the share of renewable energy in terminal energy consumption. Concurrently,
the rapid growth of electric vehicles (EVs) has introduced charging loads with
strong spatio-temporal randomness and pronounced aggregation. Deep pene-
tration of these two technologies increases uncertainty on both the supply and
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demand sides and exacerbates operational challenges — including larger peak-
valley load differences, greater voltage fluctuations, and an elevated risk of
limit violations — which thereby threaten the safety, reliability, and economic
carrying capacity of conventional distribution networks [3]. As an innovative
technology pathway, the coordinated PV-ESS-EV system physically aggre-
gates and coordinates PV generation, energy storage system (ESS), and EV
charging facilities to align local energy production, storage, and consumption
in both space and time. This configuration can enable load shifting, mitigate
power fluctuations, and provide voltage support. It is expected to improve the
distribution network flexibility, demand responsiveness, and active manage-
ment capabilities for high penetrations of renewable energy from the system
level [4]. Nevertheless, several critical scientific and technical challenges
remain unresolved before the comprehensive acceptance capacity of the
coordinated PV-storage-charging systems in distribution networks can be
accurately quantified and optimized.

Current studies on the acceptance capacity of distribution networks pre-
dominantly address individual components or evaluates access capacity under
static operating conditions; however, they fail to capture the multi-element,
dynamic interactions inherent to coordinated PV-storage-charging systems.
There is a lack of systematic characterization of source-grid-load-storage
coupling, multidimensional dynamic adjustment capabilities (e.g., power
regulation, energy storage, and load management) and the complex intra-day
and inter-day time-shift mutual-assistance mechanisms that emerge when PV
modules, energy storage units, and charging piles operate jointly with the dis-
tribution network [5, 6]. Consequently, the deep integration of these elements
with network operation remains inadequately described. Existing optimiza-
tion strategies often decouple long-term operational scheduling from short-
term access decisions, or adopt simplified models of PV-storage-charging
behavior and network load variability. Consequently, they neglect the strong
endogenous correlations between planning parameters and actual operating
states [7]. Such separations hinder accurate representation of the coordi-
nated system’s influence on network variables (voltage, current, and power
loss) across full spatiotemporal scales. This can produce biased estimates of
acceptance capacity and yield access scheme deviating from the expected
target due to load fluctuations and new energy output fluctuations during
actual dynamic operation [8]. Moreover, most studies optimize a single per-
formance metric, whereas practical network operation requires simultaneous
consideration of multiple competing objectives, such as system security,
economic efficiency (investment and operating costs), and environmental
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benefits (carbon reduction) [9, 10]. Therefore, a comprehensive methodol-
ogy for quantifying and optimizing the acceptance capacity of distribution
networks for a coordinated PV-storage-charging system, which coordinates
complex constraints, intrinsic couplings among various elements, and con-
flicts between multiple objectives, is urgently needed for both theoretical
advancement and engineering applications.

To address the technical challenges posed by coordinated operation of PV
modules, energy storage units, and EV charging piles, this study proposed
a multi-objective capacity optimization framework for distribution networks
under large-scale coordinated operation of these devices. The framework’s
core innovation is a bi-level optimization architecture that tightly couples
a planning level with an operation level and enables bidirectional data
exchange between decision-making and real-time operation. The upper-level
optimization is formulated to scientifically determine the key parameters
for planning and grid interconnection of the PV-storage-charging system.
Decision-making must address trade-offs among renewable energy utiliza-
tion, power supply quality assurance, and cost containment. Accordingly,
the objective function integrates three core aims: maximizing PV absorp-
tion capacity to improve renewable energy utilization, minimizing voltage
deviations at critical nodes to ensure grid stability power quality compli-
ance, and minimizing total lifecycle investment and operating costs. The
lower-level optimization operates under the access scheme and capacity
constraints established by the upper-level planning and focuses on short-term,
refined operation and scheduling strategies. Its tasks include coordinating
the timing arrangement of PV generation priority consumption, scheduling
charge-discharge cycles of energy storage units according to peak-valley
load variations, implementing cross-period time-shifting of power, and pro-
viding intelligent, price- or forecast-driven control of EV charging loads.
These functions provide real-time verification and dynamic support for the
effectiveness and implementation of upper-level planning decisions. The
lower-level optimization model explicitly accounted for the nonlinear, non-
convex terms in the distribution-network power-flow equations (e.g., squared
voltage and power-product terms), which complicated solution of large-scale
problems. To address this gap, we introduced a convex relaxation technique
grounded in mathematical programming that converts the originally complex
nonconvex power flow constraint system into a formally equivalent convex
optimization problem by applying equivalent transformation to the noncon-
vex constraints. This approach significantly improved the computational effi-
ciency for multi-node, large-scale systems with multiple PV-storage-charging
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units while preserving model fidelity and engineering applicability. The pro-
posed framework provides a rigorous mathematical tool for analyzing the
deep interactions among multiple energy flows (e.g., electricity, heat, and
cold) in distribution networks and for mitigating problems such as voltage
violations, increased power losses, and operational bottlenecks arising from
high-volatility renewable energy and stochastic loads. Moreover, it delivers
scalable, reliable algorithms for optimizing the acceptance capacity of distri-
bution networks across scenarios and establishes a theoretical and practical
basis for resilient, flexible, low-cost, and low-carbon distribution systems.

2 Theoretical Basis and Principle Technology

2.1 Theories Related to Distribution Network Acceptance
Capacity

This study examined the potential adverse effects of large-scale EV charging
on distribution network protection. The EV charging acceptance capacity is
constrained by the network’s rated capacity, node voltage deviations, and
the sensitivity of overcurrent protection devices [11, 12]. The distribution
network model employed in this study is illustrated in Figure 1.

During peak demand periods, EVs are connected to the distribution
network, and their load is P». When the system reaches its rated capacity P,
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Figure 1 Distribution network model.
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the total power Psy is apportioned to the EVs at nodes 2 and 3 in proportion
to the conventional active load of each node. The resulting EV loads, Pgy2
and Pgy 3, are given by Equations (1)—(2).

P
w2 = g p, Do (1)
Ps
P = . P, 2
wvs =g p, Do (2)

Assuming that each node voltage is equal to the rated voltage Uy, the
power flow analysis yields a power loss of AS; on Zs, which is given by
Equation (3).
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Accordingly, the power .S} injected into node 2 is given by Equation (4).
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Therefore, we can calculate the power S} injected into node 1 using

Equation (6).
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According to Equation (7), the maximum current load (.f Lmaz,1) flowing
through protection switch CB1 can be calculated using Equation (8).
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2.2 Theory and Method of Multi-objective Optimization

In science, technology, and engineering, optimization methods are widely
used to identify optimal solutions [13]. Single-objective optimization
addresses a single criterion, while multi-objective optimization involves
multiple competitive objectives, such as spatial planning, ecology, enter-
tainment, in urban park design. Because these factors conflict, trade-offs
must be managed in the optimization process, and their relative importance
is typically determined through expert judgment and stakeholder feedback
[14, 15]. Multi-objective problems are therefore intrinsically more complex
than single-objective ones, and the balance between objectives and effective
decision-making must be considered [16]. Therefore, multi-objective opti-
mization requires appropriate modeling of variable interactions, the use of
advanced techniques and algorithms, and decision-support procedures for
assigning weights to different objectives.

In multi-objective optimization, a solution may only optimize a specific
objective, while other objectives remain suboptimal. Therefore, a single
solution that is globally optimal for all objectives typically does not exist;
instead, the goal is to identify a set of trade-off solutions that balance
the overall objectives [17, 18]. The outcome of this process is a series
of non-dominated solutions, which constitute a non-dominated solution set
or Pareto frontier [19]. Each solution in this set is non-dominated; no
other solution is superior across all objective dimensions, so any improve-
ment in one objective necessarily causes the deterioration of at least one
other.

The central task in multi-objective optimization is to identify a set of non-
dominated solutions that balance competing objectives [20]. These solutions
provide decision makers with a range of trade-off strategies for reconciling
different goals and supporting informed decision-making [21]. The objective
function minF'(x) and the constraint s.z. h.(z) are given in Equations (9) and
(10), respectively.

min F(z) = (fi(x), f2(2), ... fm(2))" )
sit. he(x)=0,Vee{l,2,...,q} (10)
where © = (z1,22,...,2,)7 is the decision vector that belongs to an n-

dimensional space X, where x; is a specific decision variable. fi(z), fa(z),

., fm(x) constitutes an m-dimensional objective vector, which is com-
posed of m objective functions. h.(x) < 0 means that all ¢ belongs to the
constraint function of {1,2,...,¢}. When the number of objective functions
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m > 3, the problem is a constrained super multi-objective optimization
problem; If m is 2 or 3, it is a constrained multi-objective optimization
problem.

The primary objective in multi-objective optimization is to balance con-
flicting objectives to obtain acceptable trade-offs and an overall optimal
solution [22, 23]. Such problems are ubiquitous in engineering and pro-
duction practice and constitute an important area of modern scientific and
technological research. Two broad solution paradigms are commonly used.
One approach converts the problems into a single-objective formulation using
linear weighting method, main objective method, and ideal point method
and so on. The other approach employs intelligent algorithm and simulation
technology. Once the Pareto frontier has been identified, decision makers
select a preferred solution based on application-specific criteria using genetic
algorithm and ant colony algorithm. In practice, decision makers must select
an option from the Pareto solution set based on their requirements, con-
straints, and preferences [24]. Consequently, effective selection depends on
clearly defined trade-off criteria and planning objectives that reflect these
priorities and conditions.

We adopted the linear weighting method. Its core is to assign weights
to individual objectives according to the preferences of decision makers,
where higher-priority objectives receive larger weights [25, 26]. The overall
scalar objective is formed as the weighted sum of the individual objective
function. Optimizing this function yields an optimal solution [27]. Let the
target weight coefficient be a and the sum of weights be 1, i.e., ¥w; = 1. The
corresponding formulation is presented in Equation (11).

min f(x) = w;x fi(x) (11)
=1

where w; is the weight of the i-th objective function, and f;(z) represents the
i-th sub-objective function.

The linear weighting method reduces a multi-objective optimization
problem into a single-objective problem by forming a weighted sum of
the individual objective functions, thereby simplifying the solution pro-
cess. Because weight allocation strongly influences solution quality, weights
should be assigned carefully to ensure that the resulting solutions are valid
and effective.



A Multi-objective Optimization Framework for Acceptance Capacity 85

3 Construction of Multi-objective Acceptance
Capacity Optimization Model for Distribution
Network Under Coordinated Operation of
Photovoltaic-Storage-Charging Systems

3.1 Construction of Multi-objective Acceptance Capacity
Optimization Model

This study proposed EMO-ULFNet, a hybrid prediction framework that
leverages the complementary strengths of time series decomposition, autore-
gressive methods, convolutional neural networks (CNNs), recurrent neural
networks (RNNs), and temporal attention mechanisms. The framework
employs evolutionary multi-objective optimization algorithms to tune deep-
model parameters and enhance predictive performance. EMO-ULFNet fea-
tures a three-stage operating architecture of “data preprocessing and feature
extraction — model prediction — post-prediction optimization of results.”

In the optimization framework, the EMO-ULFNet prediction model
serves as the principal mechanism for supplying core data and quantifying
uncertainty, thereby forming the core link between the dynamic behavior of
the source-storage-charging side and the optimization decision level. First,
to address the highly volatile and intermittent variables in the PV-storage-
charging system, EMO-ULFNet exploits multi-scale feature extraction and a
multi-output prediction architecture to produce high-precision joint predic-
tions for these variables over horizons ranging from several hours to multiple
days. These joint predictions provide reliable input data for the source-
storage-charging collaborative operation constraints required for capacity
optimization in the distribution network. This prevents mismatches between
optimization results and actual operation that can arise from biased sin-
gle variable predictions. Second, because uncertainty substantially affects
capacity assessment in PV-storage-charging systems, the model produces
probabilistic forecasts that estimate uncertainty bounds and associated risk
probability for each variable. These probabilistic outputs supply uncertainty
constraint parameters to subsequent multi-objective optimization stages and
enable the optimization framework to identify more robust trade-off solu-
tions between maximizing integration of new energy and storage/charging
resources and ensuring voltage stability and safe power flow in the distri-
bution network. In addition, its multivariate coupled-prediction capability
effectively captures the spatiotemporal correlations between PV output and
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charging load, thereby providing more practical decision-making basis for
the dynamic adjustment of energy storage-charging/discharging strategies
and charging scheduling within the optimization framework. This ultimately
enhanced the distribution network’s capacity to integrate PV modules, energy
storage units, and charging piles and improved operational economy. The
overall framework of the prediction model is illustrated in Figure 2.

Although GRU (Gated Recurrent Unit) and LSTM models are explicitly
designed to handle long-term dependencies, vanishing gradients limits can
still impair their ability to capture long-term correlations. EMO-ULFNet
effectively extracts long-term temporal features from time-series data by uti-
lizing periodic patterns inherent in power systems. The Skip-GRU model can
quickly transfer the effective features from historical time steps and mitigates
information loss by introducing skip connections between the current hidden
unit and the corresponding hidden units in adjacent periods.

While Skip-GRU model addresses long-term feature transfer in time-
series data, standard GRU network may ignore the key information.
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Attention-GRU model incorporates a temporal attention mechanism to assign
different weights to historical time steps and combines the current hidden
state H to compute an updated hidden state H. This enables selective learning
of important information and improves prediction performance.

The spatiotemporal stochasticity of EV charging load was modeled using
the EMO ULFNet model, which adopts a three-stage architecture — data pre-
processing, prediction, optimization — with a core logic of individual behavior
analysis, group characteristic aggregation, and spatiotemporal correlation
capture. In terms of time dimension, the model analyzed random variables
such as daily mileage, charging start time, charging duration, and daily charg-
ing frequency. The Skip GRU module established skip connections between
the current hidden state and the hidden state at corresponding phase in the
previous cycle. These connections therefore effectively extracted multi-scale
cycle features (hour day week). Daily mileage was fitted with a log normal
distribution, charging start times were characterized by a mixture Gaus-
sian distribution, and charging durations were represented by conditional
probability distributions, which together quantify temporal randomness. In
the spatial dimension, distribution network feeders were divided into three
typical areas: residential, commercial, and mixed functional areas. CNN was
used to encode the spatial features of the regional load matrix, and Attention
GRU module was employed to assign dynamic attention weights to different
regional time series to capture spatiotemporal correlation between regions.
Furthermore, multiple Logit distributions were used to model the behavior of
charging location selection, and Bayesian Gaussian processes were utilized to
describe the regional load fluctuations. This strategy provided a quantitative
description of spatial randomness. Finally, the framework generated normally
distributed prediction results for loads across various regions and time periods
using a multi-output probability structure. These results were then aggregated
into the distribution network level to derive load prediction intervals via
kernel density estimation, and the resulting predictive variance were incorpo-
rated as uncertainty constraints in the multi-objective optimization level. This
strategy improved the robustness and practicality of capacity optimization for
the coordinated PV-storage-charging system.

3.2 Model Solving Strategy Design

To address the mathematical complexity and engineering solvability of
the proposed bi-level optimization model, this study developed a hierar-
chical, collaborative solution strategy that integrated improved intelligent
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algorithms with mathematical programming techniques. The strategy targets
two key challenges: the non-convex and discrete decision space of the upper
multi-objective programming model, and the non-convex AC power flow
constraints in the lower-level day-ahead scheduling model that require math-
ematical reformulation. The solution for the upper-level planning problem
needs to simultaneously coordinate a mixed decision space composed of
PV access point (discrete variable), energy storage rated power/capacity
(continuous variable), and total system access scale (continuous variable),
while balancing three conflicting objectives: maximizing PV consumption,
minimizing voltage deviation, and minimizing full-cycle cost [28]. To solve
this problem, we employed an improved Non-Dominated Sorting Genetic
Algorithm II (NSGA-II) augmented with an elite retention strategy as the
solution engine. This algorithm preserves population diversity via adap-
tive crossover mutation operators and couples fast non-dominated sorting
with crowding calculations to efficiently explore the Pareto optimal frontier.
The specially introduced constraint-violation-degree processing mechanism
incorporates the planning layer’s static safety requirements (e.g., node short-
circuit capacity limits and transformer capacity margins) into the fitness
evaluation via penalty functions. This integration effectively guides the evo-
lutionary population toward the feasible solution region and prevents the
accumulation of invalid solutions caused by blind optimization.

The NSGA-II algorithm was configured with a population size of 100
and run for 300 iterations. The first 200 iterations were used to initialize
convergence, and the remaining 100 iterations provided refined optimization
to ensure that the Pareto optimal frontier appropriately captures the trade-
off between maximizing admission capacity and minimizing network losses.
Simulated binary crossover with a probability of 0.85 was employed to
preserve the key constraints of light storage and charge coordination in high-
quality genes. A mutation probability of 0.02 introduced small probability
mutation to help escape local optima and to satisfy the strict voltage deviation
constraint (<£5%) in the distribution network. This parameter combination
could achieve single optimization time control within 15 minutes in MAT-
LAB simulation, and about 85% of the Pareto solutions met all operational
constraints.

A central challenge in solving the lower-level operational model is
the nonlinearity and nonconvexity of the AC power flow equations, which
severely hinder efficient solution of large-scale optimization problems
[29, 30]. To address this issue, we applied a second-order cone relax-
ation (SOCR) based on branch power flow equation to relax the original
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non-convex AC power flow constraints into a convex second-order-cone
form. We rigorously proved that, for typical distribution network topolo-
gies (e.g., radial network) and under reasonable operating conditions, the
second-order-cone relaxation is tight, and the relaxation gap is negligible.
This process yielded a high-precision approximation of the original model.
Based on this convex transformation, the underlying scheduling problem was
reconstructed into a mixed-integer second-order cone programming (MIS-
OCP) model that can be solved directly by commercial solvers (e.g., CPLEX
and Gurobi) to enable tractable computation for large-scale systems. The
proposed global solution circumvented the drawbacks of traditional nonlin-
ear programming methods, which are prone to becoming trapped in local
optima or exhibiting uncontrollable computation duration. In particular, for
the coupled scheduling problem involving energy-storage charge-discharge
states (binary variable) and EV cluster charging power (continuous variable)
in the model, the MISOCP framework produces either an optimal solution or
a feasible, near-optimal solution that meets the engineering-level accuracy.

The bi-level model was solved through a nested iterative procedure that
implements a closed-loop feedback mechanism between the planning and
running levels. At each iteration, the upper level passed decision variables
(including access point location and capacity configuration parameters) to
the lower level for day-ahead, multi-timescale optimal scheduling simula-
tions. The lower level returned key operational indicators (e.g., maximum
node voltage deviation, actual PV consumption rate, and daily operating
costs), which were utilized by the upper level to evaluate objective function
values and constraint compliance for the proposed planning scheme. This
bidirectional interaction provided continuous real-time verification of the
running level’s dynamic response capability and thereby mitigated the risk of
performance drift or mismatch caused by decoupled planning and operation
in actual operation.

To further improve the efficiency of collaborative optimization, this study
proposed an initialization acceleration strategy based on feasible domain
mapping. This method leveraged lower-level scheduling results from histori-
cally representative scenarios to pre-screen candidate combinations of access
point locations and capacity configurations and to identify configuration
intervals with strong operational robustness. Consequently, it significantly
reduced the initial search space for the upper-level genetic algorithm. While
preserving the mathematical rigor and accuracy of the optimization model,
the proposed strategy significantly improved the convergence speed and the
engineering applicability of collaborative optimization for complex systems.



90 Jian Wang et al.

The findings provide reliable algorithm support for coordinated planning
and operation of large-scale coordinated PV-storage-charging systems in
distribution networks.

3.3 Computational Complexity and Scalability of Grid
Frameworks

In scenarios combining PV generation, energy storage, and charging ser-
vices, the multi-objective capacity optimization framework for distribution
network faces significant computational complexity and scalability chal-
lenges. The computational complexity mainly arises from three cumulative
sources. First, the “curse of dimensionality” formed by a large number
of nodes and heterogeneous devices in grid topology, along with coupling
between device operation constraints and distribution network’s topological
constraints, substantially increases the computational complexity of solving
the nonlinear power flow equations. Second, in multi-objective optimization,
non-dominated sorting and elite retention mechanisms used to reconcile
conflicting objectives — such as maximizing capacity, minimizing network
loss, and optimizing voltage stability — substantially increase the compu-
tational burden as the complexity of the feasible solution space increases.
Third, uncertainty quantification for variables such as PV output and charging
demand requires extensive multi-scenario simulations that further expand
the computational scale. Scalability bottlenecks appear across spatial, tem-
poral, and functional dimensions. Spatially, increases in nodes and device
count drive computing resources requirements beyond practical limits and
complicate model generalization due to device heterogeneity. Temporally,
expanding temporal scheduling dimensions can only be iterated serially
due to inter-period coupling, which impedes real-time responsiveness. Func-
tionally, introducing additional optimization goals or application scenarios
requires significant modifications to core algorithms and models, thereby lim-
iting system flexibility. To address these issues, we proposed a collaborative
strategy that (1) reduces computational scale through layered dimensionality
reduction modeling, (2) improves computational efficiency by integrating
parallel computing with intelligent algorithms, and (3) enhances scalability
via a modular cloud-edge collaborative architecture. These measures together
mitigate computational complexity and overcome scalability bottlenecks,
thereby providing access to PV-storage-charging systems.

In the multi-objective capacity optimization framework, the operational
constraints of key equipment (PV modules, energy storage units, and
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charging piles) must be addressed comprehensively in terms of device
technical specifications, distribution network safety margins, and system
coordination requirements. The PV module needs to limit the output fluc-
tuation rates to mitigate power shocks, and the actual conversion efficiency
should be >16.2% (90% of the rated 18%). Its total installed capacity must
be coordinated with the node short-circuit capacity and transformer capacity
margins. The energy storage unit should achieve a charging-discharging effi-
ciency >90% and maintain state of charge (SOC) within 20%—-80% to ensure
a cycle life of >3000 cycles. Its charging and discharging power should
match the rated capacity and the upper limit of the distribution network,
and the annual cycle should not exceed 300 times to match the 10-year
design life. Per-charger power at charging stations should be maintained at
54-66 kW (+10% of a rated power of 60 kW), the station’s total power
should not exceed 40% of the branch transformer capacity, Type-C interface
should be used, and the transmission efficiency should be >95%. During peak
hours (18:00-22:00), the region-level simultaneous utilization rate should
not exceed 80%, and individual charging sessions should be limited to 0.5-
4 hours. At the system level, real-time power balance is enforced using
a second-order cone relaxation model with branch losses <5%. If a node
voltage deviation approaches +5% limit, the energy storage system must
respond within 10 minutes and restore the deviation to within £3%, thereby
maintaining a voltage qualification rate of not less than 99.3%. The oper-
ation strategy prioritizes local consumption of PV electricity (curtailment
rate <2%) and optimizes operation timing in coordination with time-of-use
electricity prices to minimize the total lifecycle cost.

4 Experiment and Results Analysis

The benchmark model employed a conventional single-objective configura-
tion modeling method, whose primary objective was to minimize the total
lifecycle investment cost of the coordinated PV-storage-charging system.
This lifecycle cost included procurement, installation, and operation & main-
tenance expenditures for PV modules, energy storage units, and charging
piles, which are amortized over each device’s design life (25 years for PV
electricity stations, 10 years for energy storage batteries, and 15 years for
charging piles) to ensure consistent cost allocation. Equipment specifications
were set as follows. The rated power of an individual PV module was 500 W,
and the conversion efficiency was not less than 18%. Each energy storage
battery had a nominal capacity of 500 kWh, a charging-discharging efficiency
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Figure 3 Fitness curves for different objective functions.

of >90% and a cycle life of not less than 3000 times. The charging power
of a single charging station is 60 kW. Life alignment requires that cost
sharing must strictly correspond to the predefined life cycle of each device.
Operational constraints limit the charging and discharging power of energy
storage batteries to a safe bound to prevent overcharging and overdischarging.
The total load of charging piles should be coordinated with the capacity
of the distribution network branches to prevent local overload. In addition,
the model should fully account for all life-cycle costs and apportion them in
proportion to each device’s service-life ratio.

Figure 3 illustrated that the improved objective function proposed in this
study achieved faster convergence speed and greater optimization efficiency
than the conventional method. The improvement is particularly evident in
particle diversity and convergence speed.

Figure 4 compared the simulation results from the improved and con-
ventional optimization models. After 100 iterations, the feasible solution
obtained by the optimized model was closer to the true Pareto front
and exhibited a more concentrated distribution, while those produced by
the conventional single-objective model were more widely scattered. This
behavior indicated that conventional single-objective configuration schemes,
which optimized only one criterion, failed to balance multiple objectives.
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Figure 4 Comparison of algorithm performance for the traditional and improved models.

As a result, they generated insufficient diverse solutions and a dispersed
distribution in the objective space, which cannot fully reflect the multi-
objective optimization needs of the optical storage and charging system.
Furthermore, the improved algorithm yielded a higher number of Pareto
solutions than the conventional models. It demonstrated greater efficiency
in exploring high-quality solutions that satisfy multi-objective requirements
and better suitability for the practical multi-objective capacity optimization
in distribution networks under coordinated PV-storage-charging operation.

Table 1 indicated that the improved model exhibited lower median, lower
quartile, and upper quartile values than the traditional model, while its
interquartile range was larger. These findings indicated a high degree of data
dispersion while showing an overall improvement in solution quality. When
the traditional model was run, outliers with values of 144.70 and 2932.70
were observed. This finding suggested that the model was prone to becoming
trapped in local optima.

Figure 5 demonstrated that the battery-assisted microgrid dispatch strat-
egy effectively mitigated peak grid load demand and enhanced system
stability and security, regardless of the traditional or improved model. The
battery is charged during low-price periods and discharged during high-price
periods, which reduces operational cost and environmental impact.
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Table 1 Statistical comparison of performance metrics for the traditional and improved
models

Median Upper Lower  Interquartile

Parameter Name Number Quartile  Quartile Range
Traditional model 124.49 117.31 128.55 11.24
Improved model 116.29 107.97 129.32 21.35
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Figure 5 Scheduling scheme of improved model.
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Figure 6 Comparison of fitness curves of different learning factors.

Figure 6 showed that the asymmetric learning factor method performed
best in solving the test function. Specifically, it produced fitness values
closer to the true solution, exhibited the lowest incidence of convergence to
local optima, and achieved a significantly higher mean fitness than the other
methods.
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Table 2 Comparison of parameters under different tests

Number of
Occurrences Iterations
Trapped Toward the
Optimal in the Optimal Optimal
w Value Mean Solution Solution
w=1 1.0255  0.9903 21 81
Linear decreasing weights 1.0255  1.0030 16 86
Linear differential decreasing weight ~ 1.0255  1.0222 2 100
Adaptive weight 1.0255  0.9933 20 82
Stochastic weights 1.0255  0.9804 22 80
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Figure 7 Forecasting results of the ten electricity load prediction models on the SA dataset.

The resulting parameter pairs of the solution function under different
inertia factors are presented in Table 2.

Figure 7 shows the performance of ten electricity load prediction models
on the SA dataset. Overall, model performance on the SA dataset was weaker
than that on the NSW and QLD datasets. This occurred because the SA
dataset exhibited a narrower power load data range and less pronounced
fluctuations. Nonetheless, the proposed model achieved the best results in
MAE and R?, indicating superior predictive accuracy compared to other
models.
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Figure 9 Performance of the ten electricity load prediction models on the QLD dataset at
different prediction steps.

Figure 8 compares the Pareto frontiers of the solution sets produced by
the three algorithms. It is observed that the uncertainty of PV generation
increased during peak load periods; consequently, the relative contribution
of this uncertainty to the total system output uncertainty increased, and the
expected output may fall substantially below the predicted upper limit. This
occurred because robustness was enhanced at the expense of optimality.

Figure 9 illustrates the performance differences among the prediction
models on the QLD dataset at different prediction steps. Although most
models performed well in single-step prediction, their performance generally
decreased as the forecast horizon increased.

Figure 10 showed that removing the multi-objective evolutionary algo-
rithm used to optimize the combination weights substantially increased the
prediction error of the model. All four evaluation indicators reflected this
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deterioration. These results demonstrated the algorithm’s critical role in the
combination prediction model.

Output tracking was achieved by coordinating energy storage with AGC
(Automatic Generation Control) unit rescheduling. Figure 11 showed that,
after rescheduling, both algorithms produced improved output performance

in four out of the five scenarios; only scenario 3 did not exhibit any
improvement.

5 Discussion on Experimental Results

A case study using actual operating data demonstrates substantial improve-
ments in algorithm performance. The convergence rate of the improved
objective function reached 92% after 50 iterations (35% higher than that
of the conventional method). The feasible solutions converged an average
distance of 0.08 from the Pareto front after 100 iterations, while this aver-
age distance was 0.21 for the conventional method. This finding indicated
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significantly improved parameter stability. For key parameter optimization,
the fitness value deviation derived from the asymmetric learning factor
method was 2.1% (compared with 4.7% for the conventional method), and
the linear differential decreasing weight inertia factor significantly reduced
the occurrences trapped in local optima. In the load forecasting stage, the
proposed model attained the lowest MAE across all three datasets (minimum
MAE = 800 kW). When the prediction horizon was extended to 4 hours,
performance only decreased by 12% (compared to 28% for the conven-
tional method), whereas evolutionary multi-objective algorithms experienced
error increases of 50%—70%. In terms of scheduling control, the “low
charging and high discharging” strategy reduced peak load by 7.8%-9.2%
and decreased monthly electricity costs by 236000 yuan, and coordinated
scheduling of energy storage and AGC reduced system output tracking error
from 4.5% to 2.3%.

In the multi-objective capacity optimization of distribution networks for a
coordinated PV-energy storage-charging system, prediction errors in PV out-
put and charging-load demand affect the optimization results in three princi-
pal ways. First, prediction errors can cause upper-level planning results to fall
outside the actual feasible operating range. Overestimating PV output leads
to excessive PV capacity allocation, which in turn provokes frequent deep
discharge of energy storage systems, breaches the state of charge (SOC) band
(20%—-80%), accelerates battery aging, and jeopardizes the 10-year design
life target. Underestimating the charging load can yield insufficient capacity
configuration of charging piles, which results in branch-line overloads and
node voltage deviations beyond the £5% limit during peak hours. These
inaccuracies also degrade life-cycle cost accounting and may increase aban-
donment or idle rate of charging piles. This prevents attainment of the planned
unit-capacity cost reduction of 26.3 yuan/kW. Second, prediction errors
undermine the feasibility of lower-level operation scheduling and disrupt the
coordination among ‘“PV-priority consumption — spatiotemporal energy shift-
ing by storage — charging load guidance.” Underestimated PV prediction can
result in insufficient energy storage and discharge, which impede the targeted
32.7% increase in PV acceptance rate. Conversely, an overestimated load
prediction can cause excessive off-peak utilization of charging piles or over-
charging of energy storage, trigger frequent rescheduling, raise computational
burden, and cause approximately 15% of Pareto optimal solutions to fall
outside the actual feasible range. Third, prediction errors exacerbate the con-
tradiction between optimization accuracy and system robustness. Although
the performance of the proposed EMO ULFNet model only decreases by 12%
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at a 4-hour prediction horizon, which is better than the 28% reduction for
the conventional methods, its fluctuations still produce a 5%—8% reduction
in the realized system capacity increase during periods of high uncertainty
in PV output. Introducing penalty function mechanisms to control constraint
violations can further cause a 10%—15% decrease in algorithm convergence
speed. Although the bidirectional feedback mechanism and convex relaxation
technique in the proposed bi-level optimization framework partially miti-
gate the propagation of prediction errors, it remains necessary to integrate
real-time monitoring and error-compensation algorithms to further enhance
system robustness and engineering applicability.

6 Conclusions

This study developed and validated an innovative bi-level optimization frame-
work that systematically addresses operational bottlenecks in distribution
networks caused by high penetrations of renewable generation and large-scale
EVs. The framework tightly integrates planning and operation decision-
making and attains a coordinated global optimization for access location,
capacity allocation, and operational strategy of PV-storage-charging systems
by combining an upper-level multi-objective optimization with a lower-level
day-ahead scheduling based on convex relaxation technology. Based on the
IEEE 33-node standard distribution system model, we conducted detailed
numerical simulations and quantitative analyses to evaluate the framework’s
effectiveness in improving PV consumption capacity, maintaining voltage
quality, and improving economic performance. The experimental results
clearly demonstrated the framework’s substantial benefits.

In terms of PV acceptance capacity, the optimized coordinated PV-
storage-charging system increased PV electricity generation consumption
by 32.7% on a representative day compared with conventional methods
that considered only capacity allocation. This improvement substantially
expanded the clean energy acceptance capacity of the distribution network
and significantly reduced PV curtailment.

In response to intensified voltage fluctuations at key nodes in the distribu-
tion network under high penetration rates, simulation results confirmed that
the proposed optimization framework effectively mitigated overvoltage risk.
The maximum voltage deviation at network nodes was constrained within
acceptable limits, exhibiting a notable reduction of 8.2%. The overall voltage
compliance rate increased to 99.3%. The proposed framework significantly
outperformed the benchmark model and ensured high-quality power supply.
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The framework reduced total system costs by exploiting the flexible
scheduling capabilities of PV-storage-charging systems — particularly energy
storage systems and controllable EV charging loads — across operational
time scales. Specifically, the combined investment and operating cost per
unit capacity decreased by approximately 26.3 yuan/kW, highlighting the
outstanding economic viability of the optimization scheme. The model also
contributed to reduced peak-valley load differences, improved equipment
utilization, and lower network losses.

The bi-level optimization framework and its solution method developed
in this study addressed key problems in deep-access scenarios for PV-
storage-charging systems, including the fragmentation between planning and
operation, conflicts among multiple objectives, and the nonlinear complexity
of power flow constraints. The framework provided a rigorous theoretical
foundation and a practical engineering tool for accurately evaluating and
maximizing the distribution network’s capacity to integrate distributed PV-
storage-charging resources. Simulation results, corroborated by empirical
data, provided conclusive evidence that the approach yielded three princi-
pal benefits: improving the security margin of the power grid, enhancing
the resilience of renewable energy consumption, and optimizing overall
operational and economic performance.

The proposed optimization framework is well suited to IEEE 123 node
large-scale distribution networks. Given the network’s numerous nodes and
complex branch topology, the framework’s multi-objective optimization
capabilities can handle these characteristics and accurately reconcile output-
load mismatches among PV generation, energy storage, and charging piles.
As a result, it can increase the system’s acceptance capacity for distributed
resources. Although large-scale networks increased computational burden,
the incorporation of efficient algorithms could overcome this efficiency bot-
tleneck. Moreover, coordinated configuration of PV modules, energy storage
units, and charging piles mitigated voltage deviations and line overloads. This
supports high levels of renewable energy integration and facilitates practical,
cost-effective coordination among generation, grid, load, and storage.
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