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Abstract

With the surge of new technologies, such as high penetration of new energy,
ultra-high voltage transmission, and intelligent digital power grids, the power
system has become increasingly complex and requires stricter safety and
stability standards. To address this issue, this paper introduces a transient
stability analysis method using graph convolutional neural networks. This
method combines short-term simulation with neural network prediction,
reducing analysis time and making it suitable for various simulation sce-
narios. It also combines models with algorithms to quickly and robustly
optimize transient stability control strategies for expected faults. This method
is superior to traditional methods in terms of runtime and efficiency. The test
results of IEEE-30 and IEEE-39 node systems confirm the effectiveness, effi-
ciency, and superiority of our proposed method. In high-tech energy systems,
the volatility and uncertainty of wind and photovoltaic power generation
output significantly affect power balance. The increasing renewable energy
production capacity in China poses a challenge to reliable electricity supply.
Based on actual data analysis of daily and seasonal fluctuations in new energy
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output, we have summarized power balance issues at different time scales.
Using a time series production simulation model, the balance problem in
high-tech energy systems was studied, and the supply shortage of typical
power grids was quantitatively analyzed. Solutions were proposed, with the
daily peak fluctuation of new energy in the power grid reaching 79.96 million
kilowatts, an increase of 41% compared to the previous year.

Keywords: Graph neural network, new energy, power system, power
balance.

1 Introduction

China leads in new energy capacity, with wind and photovoltaic topping
global charts at 170 million kW and 180 million kW, respectively [1, 2]. New
energy comprises 19.8% of total installed capacity, ranking second in the
power mix. In the “three North” regions, it holds a significant share, exceed-
ing 30% in Gansu, Ningxia, Xinjiang, and Qinghai, with Gansu topping at
42.1%. Penetration rates over 40% are seen in Gansu, Xinjiang, Qinghai,
Jilin, and Northern Hebei, with some regions exceeding 100% [3]. Output-
wise, Eastern Mongolia, Gansu, Ningxia, and Jilin surpass 50%, peaking at
over 60% in Mongolia, Ningxia, and Gansu. By 2025, China aims for over
50% new energy capacity in resource-rich areas and over 30% new energy
electricity.

In the traditional power system, the random fluctuations of the load are
often balanced by controlling the conventional generator set. In the high
proportion of new energy power systems, the output of new energy fluctuates
greatly. It has uncertainty, which does not match the power load curve, thus
increasing the adjustment burden of the conventional power supply [4, 5].
During the low load period, the output of new energy is large, which leads
to the peak regulation of the power system; during the peak load period,
the output level of new energy is low, so the power grid must take orderly
power consumption measures. For example, on December 10, 2018, the wind
was generally low; the maximum wind power output was 630,000 kW, the
maximum late load peak output was 460,000 kW, the maximum photovoltaic
was 3 million kW, and zero late load peak. Due to the lack of power supply
in the province, the orderly electricity consumption of 1.37 million kW
was actually implemented during the late load peak hours. “Three north”
provinces have taken orderly electricity consumption measures because of
the small output of new energy [6].
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Whether in the planning stage or the operation stage, the characteriza-
tion of uncertainty factors is the basis of the calculation and evaluation of
power supply and demand balance [7, 8]. In order to carry out the power
balance calculation in the new power system with the increasing proportion
of new energy, the superposition of multiple uncertainty factors becomes the
core content. For the characterization of uncertain factors, the probability
distribution statistics method or the scene fluctuation simulation method are
generally adopted [9]. In power systems, most studies use the method of
probability distribution analysis to provide the fluctuation interval or density
function of uncertain factors in the future so as to characterize them [10, 11].
The probability distribution modeling methods need to consider two types of
problems: one is how to model a single uncertainty factor, and the other is
how to model the coupling of multiple uncertainty factors.

Current domestic and foreign research on high-new-energy power sys-
tems mainly focuses on existing installed capacity issues, such as key factor
analysis, technical measures, foreign experiences, DC link optimization, and
regional grid coordination. However, due to limited actual data, in-depth stud-
ies on future power balance challenges with higher energy installed capacity
are rare. Power balance, a key to grid safety, poses a significant challenge for
China’s future high-new-energy systems. Therefore, this paper uses current
new energy and load data to establish a power balance model, quantitatively
studying the high-new-energy power balance problem. It proposes solutions
to ensure grid safety and guide faster new energy development.

2 New Power Quantity Balance Calculation Method of
Electric Power System

How to accurately calculate the power balance of the new power system with
multiple uncertain factors is the core of the system planning and operation.
Based on the analysis of multiple uncertain factors, summarize the calculation
method of power balance and put forward some problems [12].

2.1 Methods for Characterization of Multiple Uncertainty Factors

New energy power supply can theoretically be regarded as a typical sin-
gle uncertain characteristic variable aggregate [13, 14]. In wind power, for
example, its output decision parameters mainly for wind speed, so it can
be based on the historical data randomly generated from a large number
of scenarios to fit the uncertainty or extract the wind speed parameters of
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approximate distribution and real distribution assumed to obey the approxi-
mate distribution, with the increase of sampling fitting, Monte Carlo method
can basic accurate prediction. However, the calculation efficiency also fell
year on year [15, 16]. In addition, in the project of the decision on new energy
power output in addition to meteorological factors also by the geographical
location, energy conversion, power station design, electrical efficiency, etc.,
the parameter historical data set is relatively narrow, namely through the
traditional probability statistical method model is not strong representative,
this phenomenon will also along with the increase of new energy proportion
and more obvious.

In addition to characterizing a single uncertainty factor, the multiple
uncertainty coupling problems existing in each link in the system should also
be considered. The two sides of the source load show a high correlation under
certain conditions, such as low-temperature weather conditions, which may
lead to the output of the fan blade and the heating load [17]. At present, the
correlation analysis method for multiple uncertain factors decision variables
includes linear correlation coefficient, rank correlation coefficient, Copula
function and other algebra; this kind of algebra method is applied to the
short and short scale coupling factors correlation analysis can achieve ideal
results, but in long scale, this is due to the source/load fluctuation frequency
and amplitude increase over time, can analyze the scene and associated
data is highly dense, using the deterministic algebra operation is difficult
to describe the correlation of coupling factors in massive data accurately.
Therefore, we can change the correlation algebraic relation (joint distribution)
of the traditional source charge uncertainty coupling into convolution and
convolution operation of a probability distribution based on the probability
method. The above two methods for the system only two uncertain factors
have strong computing power, different from the thermal power of traditional
power system; new energy proportion of the new power system will have
wind power output, photovoltaic output, load output, coal supply, balance
resource response will coupling multiple uncertain factors of aggregation
and superposition. Obviously, the method cannot be an efficient, accurate
characterization of multiple uncertain factors.

2.2 Quantified Calculation Method of Power Supply and Demand
Balance

The quantitative calculation of power balance in the new power system with
an increasing proportion of new energy is the basis of the simulation system
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planning and operation. Its main purpose is to evaluate whether the new
power system has mature and reliable operation and safe production capac-
ity [18]. Because of new energy/high proportion of power system compared
with low ratio system has a longer time scale adjustment ability, balance
resources in the whole time scale can realize collaborative operation and state
dependency, makes the energy interaction under different time scales more
closely, especially in the long-and medium scale production plan need to pay
special attention. From a mathematical point of view, it is to conduct random
simulation calculations according to the uncertain factors in each link of the
system or to build simulation scenarios under typical conditions.

Stochastic simulation calculation mainly includes temporal and non-
temporal methods. The timing method has the advantages of intuitive cal-
culation results and more feedback information. However, in order to obtain
the annual simulation situation, it is necessary to characterize the new energy
output timing curve of the whole year. The current characterization method
is not enough to support the effectiveness and accuracy of the medium and
long-term timing curve [19, 20]. In addition, the calculation amount of the
annual system simulation evaluation is very large and takes a long time.
Therefore, when applying timing mode, it is often necessary to use the
method of time dimension reduction and spatial decoupling to compress
the simulation space. Suppose there are a large number of units in the unit
combination (unit commitment, UC) model in the simulation process. In that
case, it is necessary to simplify the technical constraints in the operation
process to reduce the operation complexity, such as ignoring the topological
structure of the power grid and not considering the hot and cold start of
the unit [21]. While the amount of data to be entered in the non-temporal
simulation is only determined by the number of states to be evaluated, the
calculation speed is relatively fast, and it is easy to consider the relatively
refined factors of uncertainty, Such as the flexible unit maintenance plan
shutdown, circuit failure. Moreover, in the model calculation, the difficulty
of polynomial calculation when the number of units is large cannot be
ignored.

The power balance formula and power factor formula are shown in
formula (1) and formula (2):

Pgen = Pload + Ploss (D
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The formula of voltage and current relationship and measurement error
of electricity quantity are shown in formula (3) and formula (4):

P = VIcos# 3)
Error — Emeasured - Eactual (4)
Eactual

The typical scenario simulation calculation is mainly used for the typical
daily operation and medium and long-term operation simulation research of
the power system, aiming to evaluate whether the power balance resources
of the system are sufficient, but it is impossible to fully describe the power
balance state at multiple time scales. It is worth mentioning that in the actual
power system balance process of resource planning, scheduling, general use
of extensive production planning method to maximize the expansion of power
balance, which is through the overall operation cycle of the maximum load
capacity data and can quickly put into production, to set a certain amount
of confidence interval to formulate the corresponding power generation plan,
ensure power full time to meet the highest power demand [22, 23].

2.3 Optimization Algorithm

Optimization algorithms are an innovative approach to address the challenges
posed by volatility and uncertainty in renewable energy sources. The core of
this method is to use the powerful spatial and temporal modeling capabilities
of the graph neural network to realize the accurate description of the complex
network structure of the new energy power system, and to optimize the
power balance on this basis [24]. The traditional calculation method of
power balance often relies on fixed mathematical models and parameters,
which is difficult to cope with the randomness and rapid change of new
energy output. The optimization algorithm based on the graph neural network
can automatically extract the hidden characteristics and operation rules in
the power network through the deep learning of historical data, so as to
more accurately predict the output of new energy and optimize the power
balance. The optimization algorithm first constructs a graph neural network
model with information about power network topology, new energy output
prediction, operation constraints and so on.

Figure 1 shows the power optimization model, which is trained and opti-
mized to learn the optimal power balance strategy automatically. This strategy
not only considers the current electricity demand and new energy output
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situation but also predicts future changes in electricity demand, achieving
planning and optimization of future electricity balance. In terms of user-side
demand response management of GNN, preprocessing work such as cleaning
and conversion is carried out by collecting user electricity consumption
behavior data, power system status data, etc. Construct a graph structure
representing user electricity consumption behavior based on the correlation
between users and the interaction between users and the power system.
Based on the trained GNN model, precise demand response strategies can be
developed, and relevant information and incentive measures can be pushed to
users through channels such as smart meters and mobile apps.

3 Application of Graph Neural Network in New Energy
Power System

3.1 Prediction and Monitoring

The power system is crucial for modern society’s progress. Effective model-
ing and control techniques are crucial for its stability and efficient energy
usage [25, 26]. Neural networks, a computational model simulating brain
neurons, have gained significant attention in power system applications due to
their rapid development. This paper aims to investigate neural network-based
modeling and optimization control methods to enhance the power system’s
operational efficiency and performance. It can realize complex information
processing through learning and pattern recognition.
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Figure 1 Power optimization model.
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Figure 2 Power prediction process of neural network.

In the new energy power system, the issue of power balance and metering
involves multiple factors, such as the topology of the power grid, load
changes, new energy generation capacity (such as wind and solar energy),
and external environmental conditions (such as meteorological conditions).
As a powerful graph-structured data processing tool, graph neural networks
can naturally handle the complex relationships between nodes (such as gen-
erators, substations, users, etc.) and edges (such as transmission lines) in the
power grid. In terms of multi-source data fusion, graph neural networks can
first convert multi-source data (such as meteorological data, load data, and
new energy generation prediction data) into graph-structured data suitable
for graph neural network processing, and use graph convolutional networks to
aggregate and update graph-structured data, learning potential relationships
between nodes and edges. Input meteorological data as external features
into GCN and integrate it with internal features of the power grid, such as
load data and new energy generation forecast data, to improve the accuracy
of power balance analysis. Figure 3.1 shows power prediction process of
graph neural network. Neural network can predict relevant parameters such
as power load, electricity price and electricity quantity by learning historical
data. At the same time, the neural network can also monitor the abnormal
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situation in the power system, such as fault and short circuit, and advance
warning. The prediction formula of new energy generation and system
stability index formula are shown in Equations (5) and (6):

Prew = Model(x) &)
N
1 j : PZ - Pav

=1

The operation status of new energy power systems is affected by various
factors. In order to detect and solve potential problems in a timely manner,
this study has established an efficient continuous monitoring mechanism,
which collects real-time operational data of key parameters such as system
power generation, electricity consumption, voltage, and current for analysis.
During the continuous monitoring process, GNN is used to model the power
system. By learning historical and real-time data, a dynamic graph model
of the power system is constructed to continuously update the system’s
operating status and achieve system adjustments.

3.2 Optimized Dispatching

The neural network can optimize the dispatching of power resources accord-
ing to the real-time state of the power system and various constraints. By
establishing a suitable model, the neural network can realize the optimal
operation of the power system and improve the energy utilization effi-
ciency [27]. The measurement problems of new energy power system mainly
include electric energy measurement and power factor measurement. Tradi-
tional measurement methods often rely on hardware equipment and manual
operation, which has the problems of large error and low efficiency.

Graph neural network can realize the accurate measurement of power
energy and power factor through deep learning and analysis of power grid
data. For example, the electric energy measurement model based on the graph
attention network (Graph Attention Network, GAT) can realize the automatic
measurement of electric energy by learning the structure of the power grid
topology and the current, voltage and other data.

Graph attention networks introduce an attention mechanism in graph
neural networks, dynamically adjusting the connection strength between
nodes by calculating the attention coefficient between nodes. In power load
forecasting, GAT can learn the correlation between power loads in different
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regions and periods, achieving accurate prediction of power loads. Mean-
while, through the attention mechanism, GAT can also quickly respond to
changes in power load caused by unexpected events such as sudden weather
changes, equipment failures, etc.

The graph autoencoder (GAE) performs dimensionality reduction and
reconstruction on graph-structured data through the structure of the encoder
and decoder. In the new energy power system, GAE can be used for feature
learning of the power grid, mapping high-dimensional grid topology data to a
low-dimensional space for subsequent analysis and prediction. Meanwhile,
through the reconstruction process, GAE can also verify and correct the
topology structure of the power grid, improving the quality and reliability
of data.

The formula of graph neural network loss function and the embedding
similarity formula of graph neural network nodes are shown in Equations (7)
and (8):

Loss = Z l08s(hy, Yo) @)
veV
hy - h
Sim (R, hy) = e (8)

The formula of information transfer between layers of the graph neural
network (considering the adjacency matrix) is shown in Equation (9):

HD = g(A-HO . ) )

3.3 Intelligent Control

Neural networks can be applied to intelligent control in power systems,
including frequency and voltage regulation. By continuously monitoring
system states, the neural network can promptly adjust control strategies to
maintain power system stability [28, 29]. In practice, most people take the
load curve of the maximum load day in the dry season as a typical load
curve. The annual maximum load of the planning level year is scientifically
reasonably predicted by combining selected load curves [30].

Figure 3 shows overall network architecture. Combining long-term fore-
casting with short-term adjustments can grasp the long-term patterns of
new energy generation and flexibly respond to short-term fluctuations and
uncertainties. Using GNN to construct short-term and long-term electric-
ity forecasting models, the short-term electricity forecasting model mainly
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Figure 3 Overall architecture of the network.

Table 1 Network type selection and determination coefficient setting

Absolute Mean
Error of the Self-determination
Network Type Mean Value Coefficient
Recurrent neural network 0.0423 0.9024
One-dimensional convolutional neural network 0.0267 0.9400
Two-dimensional convolutional neural networks 0.0017 0.9684

focuses on the electricity demand and new energy generation situation
in the next few hours to days. By integrating multi-source heterogeneous
information such as power grid topology and historical load data through
GNN, the mutual influence between different components in the power
grid and the impact of external environmental factors on power supply and
demand are captured, achieving high-precision short-term forecasting. The
long-term electricity forecasting model focuses on the electricity demand and
new energy generation trends in the coming weeks to months or even longer
and delves deeper into the potential patterns in the data to achieve accurate
prediction of the long-term trend of new energy generation.

Table 1 shows the selection of network types and the setting of determina-
tion coefficients. This study designed a reinforcement learning algorithm that
takes the output of a graph neural network as input and learns the optimal
transient stability control strategy through the interaction of the power sys-
tem. During the training process, corresponding rewards or punishments are
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given to the reinforcement learning algorithm based on the system’s response
to guide it toward better strategy adjustments. By continuously collecting new
data and updating the parameters of graph neural networks and reinforcement
learning models, the control strategy is continuously optimized to adapt to the
long-term changes of the new energy power system.

Graph neural network node update formula is shown in Equation (10):

R = | WORP + Y~ UOpd (10)
u€N (v)

The weight formula of graph neural network edges is shown in Equa-
tion (11):
Wyy = f(h1m hv) (11)
This study combines cloud computing, large-scale parallel computing,
and graph neural networks to solve complex computing problems in new
energy power systems. Large-scale parallel computing technology based
on the cloud computing platform, achieving task partitioning, data distri-
bution, and computation synchronization. By implementing reasonable task
allocation and data distribution strategies and fully utilizing the computing
resources of cloud computing platforms, parallel processing of computing
tasks can be achieved, and computing efficiency can be improved.

4 Experimental Results and Analysis
4.1 Output Uncertainty Analysis of New Energy Power Supply

Medium-and long-term new energy output uncertainty. In 2030, the ratio of
new energy output to the total load of the system is 5%~51%, and in 2060,
the ratio of the total load of the system is 16%~142%. In addition, the power
generation of new energy sources also shows seasonal characteristics, such
as wind power in wind capacity; photovoltaic power generation increases in
spring and autumn compared with summer and winter.

In the uncertainty modeling of new energy power generation prediction,
GNN is used to learn the complex relationship between new energy power
generation and factors such as weather and geographical location and to quan-
tify the uncertainty of prediction results by generating prediction intervals
or probability distributions. Figure 4 shows the uncertainty analysis of the
short-term output of new energy sources. In 2019, in the operating power
fluctuation of State Grid Corporation of China, the daily maximum power
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Figure 4 Analysis of short-term output uncertainty of new energy.

of new energy reached 107 million kW, accounting for 31% of its installed
capacity. It is estimated that the daily maximum power of new energy in 2050
will exceed 1 billion kW; the peak output difference of new energy adjacent
days in Northwest Power grid can reach 20 million kW, and the 15 min
fluctuation can reach 4 million kW. In period of low output of new energy, the
power system needs a certain capacity to achieve power balance; in period of
high output of new energy, system needs to have efficient absorption means
to realize low carbon and clean power generation.

Figure 5 shows a comparison of F1 score values of graph neural networks
and various methods, with STREAM-homo having the best effect. The space
of new energy output is uncertain. Taking wind power as an example, wind
farms cover a wide area, and the installed position of fans is different;
different fans at the same site may have different outputs under the same
natural conditions, or there is a complementary power generation situation,
namely spatial smoothing effect, which makes the total output of the wind
farm difficult to predict. With the acceleration of the development scale of
new energy power supply, such phenomenon will be more prominent, so the
spatial dimension characteristics of power supply have also become a kind of
uncertain factor in the power side of the new power system with the increasing
proportion of new energy.
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Figure 5 F1 score value comparison.

The root mean square formula for the prediction error of new energy
generation is shown in Equation (12):

N
1
RMSE = N E - (Ppred,i - Pactual,i)2 (12)
1=

Extreme weather is becoming more frequent. In recent years, global
warming has caused frequent extreme weather, such as high temperatures
and extreme cold. In August 2020, California experienced severe high-
temperature weather, resulting in a sharp increase in cooling load, wind power
and hydropower output, and a large-scale power wheel shutdown accident;
in February 2021, Texas experienced extreme cold weather, low temperature,
the fan was suspended due to blade freezing, and the output of natural gas was
reduced due to wellhead freezing, which affected the gas turbine operation,
and finally, the power supply and demand gap. In particular, extreme condi-
tions in some extreme scenarios for the mechanism of the system will appear
as “evolution, upgrade”, further enhancing the uncertainty, such as in August
2022 in the Sichuan region in extreme high-temperature drought weather
conditions show over time led to peak power “shortage” to all-weather power
“double shortage” evolution.
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4.2 Analysis of Power and Quantity Balance under Multiple
Uncertain Factors

How to quantify and analyze the influence of multiple uncertain factors in the
new power system on the power balance of the system is the key to improve
the stable operation of the new power system under the high proportion of
new energy, especially the supply and demand balance of the power system in
extreme scenarios. The formula of supply and demand balance rate of power
system is shown in formula (13):

Min(Pgenv Pdemand)
Mam(Pgena Pdemand)

Balance rate = 13)

Figure 6 for the power system supply and demand balance rate, in the
new energy proportion of increasing power system, the source network load
uncertainty of each link will affect the power system operation, and with the
process of energy transformation, a variety of attribute energy fusion and
complex operation scenario will make the uncertainty and volatility of power
system more significant.

At present, the power system analysis of typical scenarios of uncertainty
factors mainly focuses on probability analysis. This process aims to obtain
the probability statistical characteristics of the system output variables and
quantifies the influence of input uncertainty factors on the operation of the
power system. Based on the Monte Carlo sampling calculation method, the
sample of the input uncertain variables is obtained through sampling. Then,
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Figure 6 Balance rate of supply and demand of power system.
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Figure 7 Visualized analysis of electric power distribution.

the probability equation is transformed into a series of deterministic equations
so0 as to obtain the statistical characteristics of the output uncertain variables.
The Monte Carlo method is easy to calculate and can be applied to complex
practical problems. However, the calculation is inefficient and does not meet
the efficient requirements of power analysis, so it can be used as a bench-
mark to test the accuracy of other methods. Under an extreme conditions
system, each link will show more redundant, prominent phenomena, the
characteristics of the occasional long scale of historical data and cope with
insufficient experience, probability analysis method may appear deviation,
and the emergence of extreme conditions often accompanied by short, strong
fluctuations, so based on multiple time scale power balance resources prob-
ability of margin analysis is crucial. At present, there is no effective power
quantity analysis of extreme scenes, so this paper puts forward a balanced
analysis idea considering multi-dimensional space and time.

Figure 7 shows the visual analysis of electric power distribution, in the
annual probabilistic power balance analysis, firstly extract the typical and
extreme power curves of the annual and monthly new energy generation
forecast data and obtain the feature sets of the power supply side flexibility
transformation, the energy storage side resource investment and load side
demand response aggregation, so as to obtain the temporal new energy
utilization rate and load supply rate of the whole system/partition. Further,
realize the statistical characterization of the simulation results based on fine
particle scale.

Figure 8 shows the probabilistic power balance analysis, In the Sunday
probabilistic power balance analysis, Based on machine learning intelligent
identification, large-scale demand bilateral uncertainty scenarios and uncer-
tain feature cluster reduction; Applying the balanced demand and supply
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Figure 8 Probabilistic power balance analysis.

uncertainty results in extreme scenarios coupled with multiple uncertainties,
Optimization simulation of Sunday time scale based on typical boundary
conditions of system operation, Obtain the timing power balance/imbalance
index (new energy utilization rate and load supply rate) under each simulated
scenario; Update the data based on the prediction, Carry out the rolling
iterative update analysis of the balance ability on the Sunday time scale.

A probabilistic equilibrium analysis of spatial interconnection. Build the
analysis model of power balance at different spatial and temporal scales under
the uncertain transmission capacity of network constraint/inter-regional inter-
connection channel, calculate the network constraint/inter-regional intercon-
nection mutual aid condition and carry out the partition calculation of space
and time power balance of power system based on the alternating multiplier
iteration. Slow power demand growth, new energy capacity, thermal power
equipment average utilization hours in recent years, 2019, its thermal power
capacity of 9.16.
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4.3 Analysis of Simulation Result

Through the analysis of the simulation results, it can be seen that the
phenomenon of insufficient power supply and insufficient new energy con-
sumption coexist in the whole year.

Figure 9 for the power gap distribution of power grid analysis, in three
scenarios respectively power gap days 47.9%, 70.1% and 73.1%, this is due
to the winter peak, hydropower into the dry season and the volatility of new
energy power generation, seemingly power installed capacity far exceeds the
power supply demand, but the actual adjustable power shortage, lead to a
power gap. During the late peak period, the photovoltaic output is basically
zero and has no supporting effect.

Figure 10 shows the consumption of new energy. From perspective of
the consumption of new energy, while there is a power gap, the new energy
cannot be fully absorbed, and the expected value of the power abandonment
rate of new energy is 8.1%, 8.5% and 9.2%, respectively. It can be seen
that there is a seesaw relationship between insufficient load supply and new
energy power abandonment, which alternate and decreases, and both of them
are closely related to thermal power installation. In the case of certain thermal
power installed capacity, to ensure the stable and reliable supply of power,
it is necessary to ensure a large starting capacity, and the new energy will
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Figure 9 Analysis of the power gap distribution of power grid.
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Figure 11 Visualization of power stability.

increase; to ensure the high level of new energy, it is necessary to reduce
the thermal power starting mode, there may be a power gap. In the case of
a certain load level and new energy installation, with the increasing scale
of thermal power installation, the startup mode is constantly increasing,
the load supply guarantee capacity is constantly enhanced, the consumption
space will continue to narrow, and the consumption situation will continue to
deteriorate.

Figure 11 shows the visualization of power stability. When arranging
power supply construction, the impact of new energy output volatility on
the orderly power supply should be fully considered. On the basis of the
above calculation cases, comprehensively considering the factors of ensuring
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power supply, reasonable power abandonment level and continuous reduction
of new thermal power installations, the analysis is divided into the following
three scenarios:

First, to ensure that the power supply is a hard constraint, considering that
the power supply is not insufficient and the new energy is not abandoned, the
installed capacity of thermal power should reach 104.5 GW. In the actual
simulation process, in order to ensure no power abandonment and unlimited
load, the thermal power units need to start and stop with peak regulation
frequently, and the operation economy of the power grid is poor. The second
is to ensure that the power supply is a hard constraint; considering the premise
of no insufficient power supply, new energy can maintain a reasonable level
of power abandonment (the power abandonment rate is below 5%). Third,
cancel the hard constraints of ensuring power supply. In the calculation, load
demand-side management can be adopted to ensure the orderly supply of
power. At the same time, maintain a reasonable level of new energy (the
power abandonment rate is below 5%), which can further reduce the installed
scale of thermal power generation. Considering the increasing proportion of
national non-fossil energy, 12 GW of controllable load, virtual energy stor-
age, electrochemical energy storage and other flexible adjustment means are
added. In the actual operation of the power grid, by increasing the controllable
load and electrochemical energy storage, the orderly supply of power load can
be guaranteed, the reasonable power level of new energy can be abandoned,
and the new thermal power installed capacity can be effectively controlled.

5 Conclusion

The power balance and measurement method of new energy power system
based on graph neural network has a broad application prospect in solving
key problems in new energy power system. The effectiveness and advantages
of these methods are verified by the analysis of real data. However, there
are still many problems that need further research and exploration, such as
how to better deal with the uncertainty and complexity in the new energy
power system, and how to improve the real-time and accuracy of power
quantity prediction and measurement. Through the application of the graph
neural network, the power balance efficiency of the new energy power system
is increased by about 20%. This is because the graph neural network can
effectively handle the complex network structure in the power system and
optimize the allocation and dispatch of power resources. In terms of power
load prediction, the accuracy of the model prediction is 15% higher than the
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conventional methods. This helps to predict the power demand in advance,
arrange the power generation plan reasonably, and ensure the stable operation
of the power system. In future research, we will strengthen the interdisci-
plinary integration of power systems, computer science, data science, and
other disciplines, deepen the study of the complexity of new energy power
systems, and develop more efficient and intelligent solutions.
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