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SUMMARY: With the rapid accumulation of distributed photovoltaic (PV), energy storage 

devices and electric vehicle (EV) charging facilities towards the end of the distribution 

network, the traditional admission capacity judgment based on instantaneous extreme value is 

difficult to accurately reflect the real bearing boundary under continuous operation 

conditions. In this paper, we propose an admission evaluation method based on continuous 

load capacity for optical storage and charging microgrid. In this study, the data of 

distribution network topology, node sequential load, photovoltaic output, energy storage 

charging and discharging state and charging behavior are integrated into the computational 

framework. After data preprocessing, continuous load capacity feature extraction and timing 

evaluation modeling, the dynamic measurement of admission boundary is realized. The results 

show that the MAE, RMSE and MAPE of the model on the test set are 7.12 kW, 9.84 kW and 

2.91%, respectively, and the coefficient of determination is 0.964. The peak net load of a 

typical day in the evening decreases from 301.4kW to 279.2kW, the maximum voltage 

deviation of the end node decreases from 5.8% to 3.9%, and the feeder can safely accept the 

optical storage and charging microgrid capacity is 286.5kW. The results show that the 

evaluation framework based on continuous carrying capacity can more accurately describe 

the carrying level of the distribution network under the synergy of optical storage and 

charging, and provide a computable basis for access evaluation and capacity planning. 

 

KEYWORDS: continuous load capacity; Distribution network; Optical storage and charging 

microgrid; Receptive capacity assessment 

1 Introduction 

Distribution network is at the end of the power transmission chain, and it is also the operation 

space where distributed energy and terminal load are most densely coupled. With the 

continuous concentration of distributed photovoltaic, energy storage units and electric vehicle 

charging facilities to the medium and low voltage side, the traditional acceptance capacity 

analysis method based on static load verification is difficult to accurately reflect the real 

carrying boundary of the distribution network under continuous operation conditions. 

Especially in the case of light fluctuation, random charging behavior and frequent 

bidirectional regulation of energy storage, network power flow, node voltage and line current 
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state show obvious time-varying and coupling. Single-moment and single-scenario capacity 

determination often magnifies local margins, which weakens the guiding value of evaluation 

results for planning and scheduling. 

The connection of optical storage and charging microgrid is not a simple power expansion 

or load increase, but a concentrated reflection of the dynamic coupling relationship of source, 

load, storage and grid in the distribution network. If the judgment is only based on the 

transformer capacity, the upper limit of line thermal stability or the empirical permeability, it 

is easy to ignore the cumulative impact of load transfer, power back-delivery, peak-valley 

dislocation and energy storage support in the continuous load process. It can be seen that 

constructing the admission evaluation framework around the continuous load capacity is not 

only helpful to identify the safety boundary of the distribution network under long-term 

operation, but also can more truly describe the operation resilience and regulation potential of 

the optical storage and charging microgrid after being connected. 

In this context, the acceptance capacity research of distribution network is moving from 

rule driven to data driven. Distribution automation systems, smart meters, charging pile 

monitoring terminals and distributed power supply control platforms continuously generate 

high-frequency time series data, which provides conditions for fine modeling based on 

computer technology. With the help of data cleaning, time series feature extraction, load 

pattern recognition and multi-scenario simulation calculation, the processes of node load 

evolution, PV output fluctuation, energy storage charging and discharging switching, and 

charging demand aggregation can be uniformly mapped into the same evaluation link, so as to 

improve the dynamics and computability of the admission capacity analysis. In particular, the 

introduction of machine learning and intelligent optimization methods in topology modeling, 

time series prediction and evaluation index calculation can enhance the ability of the model to 

identify complex operating states. 

Based on this, this paper takes the continuous load capacity as the core entry point, and 

constructs a distribution network acceptance capacity evaluation method for the optical 

storage and charging microgrid access scenario. The research focuses on: It collects and 

integrates the operation data of distribution network, distributed photovoltaic output data, 

energy storage regulation data and charging load data, extracts the key indicators that reflect 

the characteristics of continuous load carrying, and establishes an evaluation model that takes 

into account network security constraints and spatio-temporal coupling characteristics. The 

effectiveness of the model is verified from the dimensions of load prediction, topology 

distribution, access impact, error comparison and ablation experiment. This paper focuses on 

the method design, result analysis and mechanism discussion, and tries to provide more 

reliable calculation basis for the reasonable access and planning optimization of optical 

storage and charging microgrid in the new distribution network. 

2 Related Research 

The initial research on the acceptance capacity of distribution network mainly focuses on the 

static indicators such as line thermal stability constraints, node voltage deviations and 

transformer capacity margins. With a large number of access to energy storage systems and 

electric vehicle charging facilities, the research object is extended from a single power source 

to a composite scenario with bidirectional disturbance of source and load, and the evaluation 

method is also changed from empirical threshold judgment to the technical route combining 

power flow simulation, probability analysis and timing calculation. The existing literature 

shows that the photovoltaic admittance capacity is affected by irradiation fluctuation, load 

time-varying characteristics and network topology. The introduction of energy storage can 
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improve the level of local consumption, but its effect depends on the charge and discharge 

control strategy. The charging load has obvious randomness and aggregation, which is easy to 

amplify the risk of voltage overload and line overload in the evening peak hours. See Table 1 

for a comparison of related studies. 

Table 1: Comparison of related studies on the evaluation of the capacity of accepting optical 

storage and charging resources in the distribution network 

Reference Research Object Main Method Key Metrics Main Limitations 

Lee et al. 

[1] 

PV hosting capacity 

of distribution 

feeders with 

microgrids 

Optimal dispatch 

and capacity 

evaluation 

Upper limit of 

PV hosting 

capacity, 

network loss 

Insufficient 

consideration of the 

coupling between 

energy storage and 

charging loads 

Bartecka et 

al. [2] 

PV hosting capacity 

with energy storage 

participation 

Time-series 

evaluation 

Hosting 

capacity, 

operating 

boundary 

Focuses more on PV–

storage coordination 

and does not involve 

charging behavior 

Zhao et al. 

[3] 

EV hosting capacity 

of distribution 

networks 

Optimization 

model for 

chargeable regions 

Hosting scale, 

voltage 

constraints 

Fails to establish an 

integrated analysis 

framework for PV–

storage–charging 

systems 

Du et al. 

[6] 

Hosting capacity 

under wind–PV–

load temporal 

characteristics 

Time-series 

scenario modeling 

Capacity 

boundary, 

time-varying 

constraints 

Insufficient 

characterization of 

cumulative effects 

during continuous 

operation 

Ye et al. [7] 

Hosting capacity 

under demand 

response and 

network 

reconfiguration 

Network 

reconfiguration 

and optimization 

Renewable 

energy hosting 

level 

Limited discussion of 

output coordination 

within the microgrid 

Lin et al. 

[8], Chen 

et al. [9] 

PV hosting capacity 

under source–load 

uncertainty 

Probabilistic 

analysis and active 

management 

Voltage, 

security margin 

Limited attention to 

continuous 

load-carrying 

capability 

Stanko et 

al. [18] 

Impacts of PV + 

energy storage + 

charging stations on 

microgrids 

Power quality 

analysis 

Voltage quality, 

harmonics, 

power 

fluctuation 

Emphasizes 

operational impacts, 

while the evaluation 

boundary is not 

sufficiently systematic 

Sharma et 

al. [19] 

Integration of PV 

microgrids into 

distribution 

networks 

Voltage-quality- 

constrained 

evaluation 

Hosting 

capacity, 

voltage quality 

Lacks data-driven 

modeling based on 

multi-source 

high-frequency data 

 

From the perspective of research progress, the existing results have gradually paid 

attention to the modeling of time series characteristics and uncertainty, and some scholars 

have begun to introduce probabilistic power flow, scenario generation and active management 
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strategies to improve the degree of fitting the evaluation results to the real operation state. At 

the same time, the digital level of the distribution network is improved, and the smart meters, 

feeder terminals, charging pile monitoring devices and energy storage controllers continue to 

output high-frequency operation data, which makes the admission capacity research have a 

realistic basis for the data-driven transformation. Based on the computer modeling technology, 

the node load, distributed PV output, energy storage state of charge and charging power 

curves can be incorporated into a unified data structure, and more fine-grained capacity 

evaluation can be achieved through timing feature extraction, load pattern recognition and 

multi-scenario simulation. 

However, there are still three shortcomings in the existing literature. First, most studies 

use single-moment extreme value check or typical day analysis, which can reflect local risk, 

but it is difficult to reveal the cumulative bearing boundary under long-term continuous 

operation. Second, light, storage and charging are often treated separately, which lacks a 

holistic description of the internal coordination regulation mechanism of the microgrid. Third, 

although some models introduce uncertainty analysis, they do not couple the topological 

characteristics of distribution network, the spatio-temporal load distribution of nodes and the 

continuous load process into the same evaluation framework. Based on this, this paper takes 

the continuous load capacity as the core metric, and constructs the microgrid capacity 

evaluation model for accepting optical storage and charging in distribution network under the 

support of multi-source operation data, in order to improve the dynamics, computability and 

engineering applicability of the evaluation results. 

3 Method Design 

In order to avoid the traditional acceptance capacity analysis staying at the single moment and 

static check level, this paper constructs an evaluation method for the acceptance of optical 

storage and charging microgrid capacity of distribution network around the continuous load 

capacity. Taking the distribution network topology as the skeleton and the operation time 

series data as the driver, the feeder load, node voltage, distributed photovoltaic output, energy 

storage state of charge and charging power curves are mapped into the same calculation 

framework. As shown in Figure 1, the model process consists of five links: multi-source data 

acquisition, timing alignment and cleaning, continuous load capacity feature extraction, 

admission capacity evaluation and result output. Among them, the data layer collects 

high-frequency operation information relying on distribution automation terminals, smart 

meters, photovoltaic monitoring units, energy storage controllers and charging facilities. The 

processing layer used computer methods such as missing repair, anomaly elimination, 

normalization and sliding window reconstruction to standardize the samples. The feature layer 

is oriented to the continuous load process, and the key variables such as load continuity, peak 

and valley fluctuation amplitude, reverse power flow probability, node voltage offset rate and 

line thermal margin are extracted. Then, under the combined effect of network constraints and 

spatio-temporal coupling relationship, an evaluation model for accepting optical storage and 

charging microgrid capacity of distribution network is established, and the access scale, weak 

node distribution and risk section are quantitatively identified. The design not only retains the 

interpretability of engineering calculation, but also improves the adaptability of the model to 

complex operation scenarios, and provides a unified method basis for subsequent result 

analysis. 
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Figure 1: Capacity evaluation process for accepting optical storage and charging microgrid 

in distribution network under continuous on-load capacity constraint 

3.1 Data Acquisition 

In order to ensure the computability and engineering relevance of the capacity evaluation of 

the distribution network accepting optical storage and charging microgrid, this paper takes the 

typical operation scenario of medium voltage distribution feeder as the object, and constructs 

a multi-source data set for continuous load capacity analysis. The collected data is not limited 

to the traditional load curve, but the operation information of the distribution automation 

master station, the smart meter system, the distributed photovoltaic monitoring terminal, the 

energy storage energy management system and the electric vehicle charging operation 

platform are jointly aggregated to form a data base covering the whole process of 

"grid-source-storage-load". The collected content includes not only network state variables 

such as feeder current, node voltage, active and reactive power, transformer load rate, but also 

micro-grid side dynamic information such as photovoltaic output, energy storage state of 

charge, charging and discharging power, start and stop time of charging gun, and charging 

duration. At the same time, structured data such as station topology, line parameters and 

equipment rated capacity are supplemented. In order to meet the needs of subsequent time 

series modeling and grid-connected evaluation, this paper uses database interfaces and scripts 

to complete multi-platform data extraction, and summarizes the original records according to 

a uniform timestamp to construct time series samples for continuous on-load analysis. 

Considering the consistency between model training and evaluation, the collated data set is 

divided into training set, test set and validation set according to 70%, 20% and 10%, which is 

used to support load evolution identification, admission boundary measurement and model 

generalization ability test. The relevant data composition is shown in Table 2. 
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Table 2: Description of data collection content and purpose 

Data Category Main Source Core Fields Main Purpose 

Distribution 

network 

operation data 

Distribution 

automation master 

station, SCADA 

Node voltage, line 

current, 

active/reactive 

power, loading rate 

Describe the real-time operating 

state of the network and support 

power flow calculation and 

limit-violation identification 

User load data 

Smart meter 

system, electricity 

consumption 

information 

acquisition 

platform 

Time-of-use load, 

electricity 

consumption, peak–

valley variation, 

continuous load 

duration 

Characterize the temporal 

features of load and extract 

continuous load capacity 

indicators 

PV data 

PV inverter 

monitoring 

terminal 

Output power, 

irradiation-related 

time periods, grid 

connection status 

Analyze the fluctuation 

characteristics of distributed 

generation and the impact of 

reverse power flow 

Energy 

storage data 

EMS/BMS 

platform 

SOC, 

charging/discharging 

power, switching 

status, response 

delay 

Characterize the regulation 

behavior of energy storage and 

its peak shaving and valley 

filling capability 

Charging load 

data 

Charging pile 

operation platform 

Start/stop time, 

charging power, 

duration, load 

aggregation degree 

Analyze the disturbance of 

random charging behavior on 

hosting capacity 

Network 

structure data 

GIS, equipment 

ledger 

Topological 

relationships, line 

parameters, 

transformer capacity 

Build the network model and 

identify weak nodes and 

constrained branches 

3.2 Data preprocessing 

In this paper, a standardized preprocessing process is set up after the original data access, and 

the multi-source time series samples are cleaned and transformed uniformly, so that they can 

meet the requirements of subsequent continuous load capacity feature extraction and 

admission capacity calculation. The preprocessing mainly includes range normalization and 

outlier correction. 

In multi-source datasets, node voltage is usually expressed in units or kilovolts, line power 

and charging load are measured in kilowatts, and stored SOC is a percentage variable. If the 

original scale is kept unchanged, the power features with large values will dominate the model 

training and distance measurement, which is not conducive to revealing the synergistic change 

relationship between different variables in the process of continuous loading. To this end, this 

paper uses the Min-Max normalization method to linearly map various types of features and 

compress the samples to the interval [0,1], which is calculated as: 

xi
∗ =

xi − xmin

xmax − xmin
(1) 

where, xi  represents the original sample value, xmin  and xmax  represent the minimum 

value and maximum value of the feature in the observation period respectively, and xi
∗ is the 
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normalized result. After this process, the data from different sources are projected into a 

unified numerical space, which not only retains the relative change trend of the original series, 

but also provides a stable input for subsequent time series calculation and model convergence. 

Abnormal phenomena such as communication jitter, terminal packet loss, instantaneous 

impact and measurement point failure often appear in the high-frequency monitoring data of 

distribution network. If these values are not corrected, the boundary identification of 

continuous load capacity will be misleading. In this paper, the anomaly detection method 

based on local statistics is adopted. Firstly, the sample mean and standard deviation in the 

sliding window are calculated, and then the outlier is determined by the deviation degree: 

zi =
xi − μw
σw

(2) 

Here, μw and σw represent the sample mean and standard deviation in window w, 

respectively, and zi is the standardized deviation coefficient. When |zi| ≤ 3, the original 

value is retained. When 3 < |zi| ≤ 5, the neighborhood mean interpolation correction is used. 

When |zi| > 5 or the same measurement point is abnormal continuously, this segment of 

record will be eliminated. The local mean interpolation is expressed as: 

x̂t =
1

m
∑xt−k

m

k=1

(3) 

where, x̂t is the corrected sample value and m is the length of the backtracking window. 

After the above processing, the continuity and comparability of the data sequence are 

improved, which provides a more reliable data basis for the subsequent evaluation of the 

ability of the distribution network to accept optical storage and charging microgrid. 

3.3 Feature extraction based on continuous load capacity 

What corresponds to the continuous load capacity is not the limit power that the distribution 

network can withstand at a certain instant, but its comprehensive adaptation level to load 

continuity, power fluctuation and source-load-storage coupling disturbance in the continuous 

operation interval. Based on this judgment, this paper extends the feature extraction object 

from the static peak to the time series evolution process, and jointly analyzes the feeder load, 

photovoltaic output, energy storage charging and discharging power and charging load curve 

in the computer environment. Considering that this kind of data has the characteristics of 

intra-day period, short-time impact and local abrupt change, this paper introduces fast Fourier 

transform to expand the load series in the frequency domain to identify the dominant periodic 

component in the continuous band load process. For a load sequence xt of length N, the 

frequency domain is expressed as: 

Xk = ∑ xt

N−1

t=0

e−j
2πkt
N (4) 

where, Xk denotes the complex spectral value of the KTH frequency component. Through 

spectrum analysis, high-frequency disturbances caused by base load, charging superimposed 

load and PV fluctuations can be distinguished, thus avoiding misjudging occasional spikes as 

the sustainable carrying capacity of the network. On this basis, this paper further constructs 

the low frequency energy proportion index to describe the characteristics of load continuity 
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and stable band load: 

η =
∑ |K
k=0 Xk|

2

∑ |N−1
k=0 Xk|

2
(5) 

where η is the proportion of low-frequency energy and K is the low-frequency cut-off point. 

When η is high, it indicates that the feeder load is mainly changing continuously, and the 

network operation state is closer to the stable band load. On the contrary, it indicates that 

random charging access or PV output fluctuation has stronger effect on power flow 

disturbance. Frequency domain information alone is still not enough to support admission 

assessment. Therefore, this paper incorporates line current rate, transformer load rate and 

node voltage safety margin into the unified representation to form the continuous load 

capacity characteristic index: 

Cclc =
1

T
∑min(

Imax

It
,
Smax

St
,
Ut − Umin

Umax − Umin
)

T

t=1

(6) 

where,Cclc represents the continuous load capacity characteristic value, and It, St and Ut 

are the line current, equipment load and node voltage at time t, respectively. This index can 

simultaneously reflect the continuous admission capacity under thermal stability constraints, 

equipment load constraints, and voltage operation constraints. After the above processing, the 

original multi-source data is transformed into a feature set with physical meaning and 

computability, which provides a reliable input for the subsequent distribution network 

acceptance optical storage and charging microgrid capacity evaluation model construction. 

3.4 Construction of microgrid capacity evaluation model for accepting 

optical storage and charging in distribution network 

After the completion of multi-source data acquisition, preprocessing and continuous load 

capacity feature extraction, this paper further constructs a capacity evaluation model for the 

distribution network accepting optical storage and charging microgrid. In this model, the 

access capacity is not understood as a single capacity threshold, but as a dynamic result under 

the joint action of network topology constraints, node timing load, PV random output, storage 

regulation behavior and charging load aggregation effect. As shown in Figure 2, the overall 

model is composed of a state representation layer, a temporal learning layer, a constraint 

evaluation layer and a result output layer. The state representation layer is responsible for 

mapping the heterogeneous data of feeders, nodes, transformers and optical storage and 

charging equipment into a unified feature vector. The sequential learning layer identified the 

load continuity and disturbance propagation law in the continuous loading process. The 

constraint evaluation layer combines power flow boundary, voltage safety interval and 

equipment thermal stability upper limit to quantitatively judge the microgrid access scale. 

After this treatment, the model not only retains the engineering logic of distribution network 

analysis, but also enhances the computational adaptability to complex time-varying scenarios. 
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Figure 2: Schematic diagram of the capacity evaluation model of the distribution network 

accepting optical storage and charging microgrid 

After the optical storage and charging microgrid is connected, the factors affecting the 

acceptance capacity of the distribution network are not at the same level. Node voltage, line 

current rate and transformer load rate belong to the network side constraint variables, while 

PV output, energy storage state of charge and charging power reflect the source-load-storage 

side disturbances. In order to avoid the weight imbalance of each variable in the modeling, 

this paper introduces the feature attention mechanism to express the information related to the 

continuous carrying capacity. Let the original feature vector at time t be xt =
[xt1, xt2, … , xtm], whose attention weight is denoted by: 

αtj =
exp( etj)

∑ exp(m
k=1 etk)

(7) 

Here, αtj denotes the importance of the JTH feature at time t, and etj is the learnable 

scoring term. The weighted input vector can be written as: 

x̃t = αt ⊙ xt (8) 

where, ⊙ denotes element-wise product. This processing enables the model to automatically 

increase the response weights of key variables when the risk of node overload increases, the 

charging load surges, or the PV reverse power increases, thereby reducing the interference of 

irrelevant fluctuations on the evaluation results. 

The admission capacity judgment cannot be separated from the time dimension. The fact 
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that a distribution network meets voltage and thermal stability requirements at one time does 

not mean that it will continue to operate for hours or longer. Based on this point, this paper 

uses a gated sequential learning network to describe the dynamic processes of load 

continuation, peak and valley migration, and source-load-storage coupling. Let x̃t be the 

input vector and the hidden state be ht, then the state update can be expressed as: 

ht = f(x̃t, ht−1) (9) 

Here, f(⋅) represents the gated cyclic mapping function. The structure can retain the 

continuous evolution information of the load in the time window, and identify the typical 

chain process of "photovoltaic high force at noon - centralized charging in the evening - 

energy storage and repleniying at night". Compared with the static check, this method is more 

suitable for dealing with the hysteresis effect and cumulative disturbance after the optical 

storage charging microgrid is connected. 

After obtaining the timing hidden features, we construct a comprehensive decision 

function for the admission capacity, which unifies the network security boundary and the 

continuous load capacity features into the same output space. Let the admission capacity 

index of the distribution network in the evaluation period T be H, then: 

H =
1

T
∑(λ1Vt + λ2Lt + λ3Rt + λ4Ct)

T

t=1

(10) 

Vt represents the voltage safety margin index, Lt represents the line and transformer load 

margin, Rt  represents the risk term of reverse power flow and power fluctuation, Ct 
represents the characteristic value of continuous load capacity, λ1-λ4  is the normalized 

weight coefficient, and ∑λi = 1 is satisfied. When H is higher than the set threshold, it 

means that the network still has a good continuous admission capacity in the evaluation 

period. When H drops near the threshold, it indicates that some nodes or branches are close to 

the security boundary, and it is necessary to limit the new access scale or release capacity by 

means of energy storage regulation or topology reconstruction. In order to transform the 

comprehensive index into an admission scale that can be directly used in engineering 

planning, this paper further defines the maximum accessible capacity Pacc as follows. 

Pacc = max{P ∣ Ui
min ≤ Ui(P, t) ≤ Ui

max, Il(P, t) ≤ Il
max, Sn(P, t) ≤ Sn

max} (11) 

where Ui(P, t) is the voltage of node i at time t under access capacity P, Il(P, t) is the 

current of line l, and Sn(P, t) is the load rate of device n. In this expression, node voltage, 

line current and equipment carrying capacity are simultaneously taken as constraints, so that 

the evaluation result does not stay in the experience judgment, but has a clear calculation 

boundary. 

As shown in Figure 2, the whole model starts from multi-source input, and after feature 

reconstruction, weight allocation, time series learning and constraint calculation, the final 

output is the admission capacity index, the access capacity, the weak node positioning results 

and the risk branch distribution. Table 3 lists the key parameter Settings of the model. The 

parameter scale does not blindly pursue complexity, but balances the engineering 

interpretability and computational efficiency, so that it can be used stably in distribution 

network planning and access evaluation scenarios. The evaluation model constructed in this 

paper can completely describe the influence path of the optical storage and charging 

microgrid on the distribution network under continuous on-load conditions, and provide a 
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unified basis for subsequent result analysis and model comparison. 

Table 3: Key parameter Settings of microgrid capacity evaluation model for accepting optical 

storage and charging in distribution network 

Module 
Parameter 

Name 

Parameter 

Setting 
Parameter Description 

State 

representation 

layer 

Input feature 

dimension 
18 

Includes variables from the network side, 

PV side, energy storage side, and charging 

side 

State 

representation 

layer 

Time window 

length 
24 

Uses an hourly sliding window to 

characterize the intraday continuous 

load-carrying process 

Attention 

module 

Weight 

update 

method 

Soft attention 
Highlights key nodes and key disturbance 

variables 

Temporal 

learning layer 

Number of 

hidden units 
64 

Ensures temporal representation capability 

and training stability 

Temporal 

learning layer 
Dropout 0.3 

Suppresses overfitting and enhances 

generalization ability 

Model 

training 
Batch size 32 

Balances training efficiency and memory 

overhead 

Model 

training 
Epoch 100 Meets convergence requirements 

Evaluation 

output layer 

Hosting 

threshold 

update 

Dynamic 

adjustment 

Revises the hosting boundary according to 

changes in operating conditions 

Constraint 

module 

Voltage 

constraint 

(0.95–1.05) 

p.u. 
Safe operating interval for network nodes 

Constraint 

module 

Thermal 

stability 

constraint 

Not exceeding 

the rated limit 

Controls the risk of continuous 

overloading of lines and equipment 

4 Results and analysis 

4.1 Analysis of continuous load capacity prediction and evaluation results 

In the Python 3.10 environment, this paper carries out rolling prediction and admission 

capacity evaluation of the continuous load capacity of typical feeders based on 7 consecutive 

days of distribution network operation data. The experimental platform uses Intel Core i7 

processor and 16 GB memory, the model training rounds are set to 100, and the time step is 1 

h. The results show that the constructed model can accurately track the continuous change 

process of load, and the predicted curve and the measured curve maintain high consistency as 

a whole. Based on the test set results, the Root Mean Square Error (RMSE) of the model is 

9.84 kW, the Mean Absolute Error (MAE) is 7.12 kW, the Mean Absolute Percentage Error 

(MAPE) is 2.91%, and the determination coefficient R2 reaches 0.964, which shows that the 

model has good fitting accuracy and generalization ability in describing the sustained load 

capacity. 



Zhao et al. 

12 

 

Figure 4: Comparison of continuous load capacity prediction and actual load 

It can be seen from Figure 4 that the load in a typical day is supported by the distributed 

PV output during the period of 12:00 -- 14:00, and the net load of the feeder is maintained 

between 215.6 and 228.3kW. From 18:00 to 21:00, with the increase of residential load and 

the superposition of electric vehicle centralized charging, the actual load rapidly increased to 

301.4kW, and the safety boundary of continuous load capacity decreased to 318.7kW, and the 

safety margin between the two was only 17.3kW. Compared with the average capacity margin 

of 52.6 kW in the noon, the admission space in the evening peak period is significantly 

narrower, which indicates that the capacity of the distribution network to accommodate the 

new optical storage and charging microgrid has significant time difference. Further statistics 

show that within the 24-h evaluation period, the period with capacity margin lower than 20 

kW appeared 4 times, accounting for 16.7%, mainly concentrated in the continuous high load 

interval from evening to night, which indicates that the risk under continuous load condition 

is not manifested as a single point overlimit, but more reflected in the cumulative 

approximation of multiple adjacent periods. 

According to the evaluation results, the traditional static verification based on the 

instantaneous peak will overestimate the admission capacity of the distribution network, while 

the proposed method can dynamically modify the access boundary by combining continuous 

load evolution, photovoltaic fluctuation and charging aggregation effect. Comprehensive 

calculation shows that the feeder can safely accept the optical storage and charging microgrid 

capacity of 286.5kW under the current operation mode. If the access scale is increased to 320 

kW, some nodes will have the risk of increased voltage offset and branch overload during the 

evening peak. It can be seen that the evaluation method based on continuous load capacity can 

more truly reflect the actual load level of the distribution network accepting the optical 

storage and charging microgrid. 

4.2 Distribution network topology and spatiotemporal load distribution 

analysis of nodes 

After completing the continuous load capacity prediction, this paper further analyzes the 

spatial distribution characteristics of the optical storage and charging microgrid access 

scenario by combining the topology of the distribution network and the node time series load 

matrix. Based on the topology reconstruction and node mapping results in Python 

environment, it can be seen that the test feeder has a typical radiant structure, and the trunk 
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branch is extended step by step from transformer T1 to downstream nodes. The photovoltaic 

unit is mainly connected to N06 and N09, and the charging load is concentrated in N12-N16 

section. The energy storage device is placed near the N15 node where the terminal load 

fluctuation is strong. As can be seen from Figure 5(a), the topology itself is not complex, but 

after the source, load and storage are simultaneously connected, the power transfer 

relationship between the trunk branch and the end node is significantly enhanced, and the 

continuous load pressure of the local line is increasing from the center to the edge. 

 

Figure 5: Schematic of distribution network topology and spatiotemporal load distribution of 

nodes 

From the thermal distribution of spatiotemporal load of nodes shown in Figure5 (b), the 

overall load of the network increased slowly during 06:00 -- 09:00, and the load rate of nodes 

mostly maintained between 0.42 and 0.58. During the period of 12:00 -- 14:00, the net load of 

nodes around N06 and N09 decreased significantly, and the load rate of some sections 

dropped to 0.36. From 18:00 to 21:00, the most significant spatial clustering phenomenon 

occurs, and the load ratios of N12, N14, N15 and N16 reach 0.81, 0.84, 0.87 and 0.85, 

respectively, which are significantly higher than those of upstream nodes. It indicates that 

after the superposition of the evening peak charging behavior and the conventional residential 

load, the load center of gravity moves to the downstream quickly, and the terminal branch is 

more likely to become a weak section under the continuous load constraint. The results show 

that the ability of the distribution network to accept the optical storage and charging microgrid 

does not only depend on the total capacity, but also is closely related to the node location, 

topology level and load period migration, which provides a more specific spatial basis for the 

subsequent access impact analysis and capacity optimization. 

4.3 Analysis of output characteristics and access impact of optical 

storage-charging microgrid 

After completing the identification of topology and node load distribution, this paper further 

analyzes the timing coupling characteristics of PV, energy storage and charging loads. As 

shown in Figure 6, the impact of the optical storage-charging microgrid on the distribution 

network has obvious time-division differences, rather than simply showing an increase in 

access capacity. In a typical day, the PV output continued to rise after 08:00 and reached a 

peak of 118.4kW at 13:00. The energy storage system maintains the charging absorption state 
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from 11:00 to 15:00, and the maximum charging power is 42.7kW. After 18:00, it turns into 

the discharge support, and the discharge power reaches 56.7kW at 20:00. The charging load 

accumulates rapidly after work hours, reaching 96.3 kW at 19:00. The three types of power 

curves are not synchronized in time, which exactly constitute the complementary relationship 

of "noon absorption - evening support". 

 

Figure 6: Typical sunrise force and net load change after connection in optical storage- 

charging microgrid 

From the view of access effect, the coordination adjustment of optical storage and 

charging has a positive effect on the continuous carrying capacity. Before access, the highest 

daily load of the feeder is 301.4kW near 20:00. After access, under the joint action of energy 

storage discharge and local residual PV output, the equivalent net load of the feeder is reduced 

to 279.2kW, with a decrease of 7.37%. At the same time, the duration of the terminal heavy 

load branch is compressed from 3 h to 1 h, and the maximum voltage deviation of N14-N16 

section is reduced from 5.8% to 3.9%. This indicates that microgrid access does not 

necessarily exacerbate the pressure on the distribution network, and its actual impact depends 

on the matching degree between the PV output pattern, the energy storage control strategy and 

the charging timing distribution. If the charging demand is disorderly superimposed in the 

evening peak, the admission margin will still be squeezed quickly. If the energy storage 

scheduling and load migration can cooperate, part of the access space can be released without 

changing the main network structure. It can be seen that the key of admission evaluation 

under the perspective of continuous load capacity is not to observe the peak at a certain time, 

but to identify the dynamic correction process of source-load-storage coupling on the network 

boundary in continuous periods. 

4.4 Comparative analysis of model error and evaluation index 

In order to test the stability and prediction accuracy of the model in the continuous load 

capacity evaluation, this paper compares it with four commonly used methods: LSTM, 

XGBoost, BP neural network and SVM. The comparison experiment was completed under the 

same training set, test set and time window conditions, and the evaluation indicators were 

MAE, RMSE, MAPE and R2R^2R2. The results show that the proposed model performs 

better in all error indexes. Its MAE is 7.12 kW, RMSE is 9.84 kW, MAPE is 2.91%, and 
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R2R^2R2 reaches 0.964. The MAE and RMSE of the corresponding LSTM model are 8.46 

kW and 11.27 kW, respectively, and the XGBoost is 9.03 kW and 12.41 kW, respectively. The 

error between BP and SVM is further increased. It can be seen that in the composite scenario 

of PV fluctuation, energy storage charging and discharging switching, and centralized 

charging load superposition, the model in this paper depicts the continuous load capacity 

more closely to the real operation process. 

 

Figure 7: Comparison of model error and evaluation index 

As shown in Figure 7, the differences between the five models in the three error indicators 

are clear. The overall bar value of the proposed model is the lowest, indicating that it can still 

maintain a good fitting ability in the peak valley switching period and the evening peak high 

disturbance interval. The RMSE of BP and SVM reaches 14.36 kW and 15.02 kW, 

respectively, indicating that the response of BP and SVM to sudden load lifting and local 

capacity contraction is relatively slow. Further observation of the error distribution shows that 

the MAPE of the proposed model is controlled within 3%, indicating that the prediction 

deviation is not significantly enlarged with the increase of load level, and the model has good 

robustness. In general, this method not only improves the prediction accuracy of continuous 

load capacity, but also provides more reliable computational support for subsequent admission 

boundary determination and operation risk identification. 

4.5 Operation efficiency, statistical test and ablation experiment analysis 

On the basis of ensuring the prediction accuracy, the operational efficiency of the model and 

the effectiveness of the structure are also related to the engineering usability of the 

distribution network admission assessment. In this paper, the training and testing are 

completed in the Python 3.10 environment, and the single-round training time, single-batch 

inference time, parameter scale and performance changes after different modules are deleted 

are statistically compared. As shown in Table 3, the single-round training time of the proposed 

model is 12.8 s, and the single-batch inference time is 0.041 s, which is slightly higher than 

shallow models such as BP and XGBoost, but still within the acceptable range of rolling 

evaluation of the distribution network. Considering that the model simultaneously introduces 
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continuous load capacity characteristics, topological representation and timing gating 

structure, it maintains a reasonable balance between computational cost and accuracy 

improvement. 

Table 3: Operation efficiency, statistical test and ablation experiment results 

Model / 

Experimental 

Setting 

MAE 

/ kW 

RMSE 

/ kW 

MAPE 

/ % 

Training 

Time per 

Epoch / s 

Inference 

Time per 

Batch / s 

Statistical Result 

Proposed model 7.12 9.84 2.91 12.8 0.041 
Compared with 

LSTM, p = 0.008 

LSTM 8.46 11.27 3.54 10.6 0.036 — 

Without continuous 

load capacity 

features 

8.95 12.16 3.72 11.9 0.039 

Performance 

decreased 

significantly 

Without topology 

encoding 
8.37 11.54 3.48 11.4 0.038 

Node discrimination 

capability weakened 

Without attention 

module 
8.21 10.93 3.31 11.7 0.040 

Response to key 

variables weakened 

 

In order to test whether the model advantage is statistically significant, this paper carried 

out 10 repeated experiments under the same data partition conditions, and implemented paired 

t-test on the MAPE results of the proposed model and the suboptimal LSTM model. The 

results show that the difference between the two means reaches a significant level, 

p=0.008<0.05, indicating that the accuracy improvement of the model in this paper is not 

caused by accidental fluctuations. Further observing the experimental results of each round, it 

can be seen that the standard deviation of MAPE of the proposed model is 0.17, which is 

lower than 0.29 of LSTM, indicating that it has more stable error control ability under 

different sample batches and different operation days scenarios, which is particularly 

important for the capacity boundary judgment under continuous load conditions. 

Ablation experiments are used to identify the actual contribution of each module to the 

overall performance. In this paper, the continuous load capacity feature module, the topology 

encoding module and the attention weighting module are removed respectively, and the rest of 

the training parameters are kept unchanged. The results show that RMSE increases from 9.84 

kW to 12.16 kW after removing the characteristics of continuous load capacity, and the 

increase is the most obvious, which indicates that the module has a fundamental role in 

describing the process of long-term load pressure and capacity contraction. After removing 

topology coding, the recognition ability of the model for end nodes and heavy load branches 

decreases, and the MAPE increases to 3.48%. After removing the attention module, the MAE 

increases to 8.21 kW, indicating that the dynamic weighting of key variables still has a 

substantial impact on the prediction results in complex disturbance scenes. In summary, the 

performance improvement of the proposed model does not come from the stacking of a single 

network structure, but the result of the joint effect of continuous load capacity representation, 

topological constraint embedding and timing feature learning. 

4.6 Discussion 

From the above experimental results, it can be seen that the evaluation idea based on 

continuous load capacity can better reflect the real network carrying state after the optical 

storage and charging microgrid is connected, compared with the methods based on 
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instantaneous extreme value or single period power flow verification. The distribution 

network is not a static system in operation, the photovoltaic output is significantly affected by 

irradiation changes, and the charging load has obvious aggregation and burst. The charging 

and discharging behavior of energy storage will also reshape the node power exchange 

direction. It is easy to misjudge the stage margin as the long-term available capacity if only 

the voltage deviation or the line current rate at a certain time is used as the basis for admission 

judgment. In this paper, the continuous load capacity, topology constraints and time series 

evolution process are integrated into the model, which actually transforms the problem of 

"whether to access" into a calculation problem of "whether to maintain a stable load under 

continuous operation conditions", so the evaluation results are closer to the engineering 

application requirements. Compared with the traditional BP, SVM and general time series 

prediction models, the advantage of the proposed method is not only that the error index is 

lower, but also that it can more fully identify the complex disturbance sources. Ordinary 

machine learning models are effective in dealing with static mapping problems, but they are 

often difficult to maintain continuous tracking of key features in the face of non-stationary 

sequences formed by PV fluctuations, energy storage switching and charging load 

superposition. After introducing the feature weighting and gated time series learning 

mechanism, the model can automatically strengthen the response to high-impact variables in 

different time Windows, such as charging load accumulation in the evening peak period, 

reverse power flow risk in the midday high-load period, and the evolution trend of continuous 

heavy load in the terminal branch. This processing method essentially reflects the advantages 

of computer modeling in distribution network evaluation, that is, the dynamic dependence 

between multiple variables is depicted by data-driven means, rather than relying on a fixed 

empirical threshold for rough judgment. 

From an engineering point of view, the results of this paper also show that the impact of 

optical storage and charging microgrid on the distribution network is not a unidirectional 

increase in pressure. If the scheduling strategy is not reasonable, the centralized charging will 

indeed compress the local admission space, and even induce voltage overrun and heavy load 

accumulation. However, if the energy storage operation sequence, PV output curve and load 

peak-valley migration law can be coordinated, the microgrid access may weaken the peak 

impact and improve the continuous bearing conditions of the end nodes. In other words, the 

admission capacity is not a fixed and unchanging physical constant, but a dynamic result that 

is shaped by the control strategy, topological location, and operation period. This 

understanding has practical significance for the planning of new distribution networks, which 

means that the future access evaluation should not stay in the static perspective of "how much 

to install", but should turn to the refined analysis framework of "where, when, and what 

control mode is more appropriate for access". At the same time, there is still room for further 

improvement of this research. Although the current model has incorporated multi-source time 

series data and continuous on-load process, the consideration of extreme weather, equipment 

aging, protection action and communication delay is still relatively limited, and some 

boundary scenarios have not been fully implemented. Subsequent studies can introduce more 

high-frequency operation data into the digital twin platform or online monitoring environment, 

and combine probabilistic scenario generation, rolling optimization and real-time state 

estimation methods to continuously modify the ability of the distribution network to accept 

optical storage and charging microgrid. This can not only improve the response ability of the 

model to sudden disturbances, but also help to promote the admission evaluation from off-line 

analysis to on-line decision. 
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5 Conclusion 

Focusing on the problem that static capacity determination is difficult to characterize the 

continuous operation boundary in the process of accepting optical storage and charging 

microgrid in distribution network, this paper constructed an admission evaluation method 

based on continuous load capacity. In this study, the distribution network topology, node 

timing load, photovoltaic output, energy storage charging and discharging behavior and 

electric vehicle charging demand were integrated into the unified computing framework. 

Through multi-source data acquisition, preprocessing, continuous load capacity feature 

extraction and evaluation model construction, the dynamic measurement of the admission 

capacity was realized. The results show that the proposed model achieves good accuracy in 

the continuous load capacity prediction, with MAE of 7.12 kW, RMSE of 9.84 kW, MAPE of 

2.91%, and R2 of 0.964, indicating that the method can accurately describe the continuous 

load process under the coupling disturbance of optical storage and charging. In a typical day 

scenario, after connecting to the optical storage and charging microgrid, the net load of the 

feeder in the evening peak decreases from 301.4kW to 279.2kW, with a decrease of 7.37%. 

The maximum voltage deviation of the terminal node is reduced from 5.8% to 3.9%, and the 

duration time of the heavy-load branch is shortened from 3 h to 1 h, which indicates that 

reasonable light-storage cooperative regulation can weaken the peak impact and improve the 

local load state to a certain extent. The comprehensive evaluation results show that the feeder 

can safely accept the optical storage and charging microgrid capacity of 286.5kW under the 

current operation mode. If the access scale continues to increase, the local node will approach 

the safety boundary in the evening peak period. It can be seen that the admission capacity is 

not a fixed constant, but a dynamic variable shaped by topology location, time period 

characteristics and control strategy. This study provides a computational technical support for 

the capacity evaluation, access location and operation optimization of the optical storage and 

charging microgrid in the new distribution network. 
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