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With thecurrentintelligent decision-making system for the power grid (PQ), it is difficult for dispatching mechanisms to automatically update
theirdecision logic according to the changing PG status and external environment, and to predict new risks in advance and make adaptive adjustments.
In this study, an intelligent decision-making system is constructed for PG dispatching to improve itsintelligence and risk response capabilities. This
studycollected historical load, grid status and meteorological conditions data, sampled them in 5-minute units, and constructed a data set. The CGAN
(Conditional Generative Adversarial Network) was used to take grid status, historical load data, meteorological conditions, etc., as conditional inputs,
and generates different risk scenario data through adversarial training. CNN (Convolutional Neural Network) wasused to extract local features, which
werethen input into Bi-LSTM (Bidirectional Long Short-Term Memory Network) for sequence modeling and grid risk identification. The identified risk
category and current grid status are used as input, and DQN (Deep Q-Network) uses experience replay and ¢-greedy strategy to make scheduling
decisions. The results show that the average risk identification accuracy rate in various risk scenarios reached 98.1%, and the average identification
precision rate reached 97.8%. Compared with the average response time of 7.4s for traditional systems, the average response time of this system was
1.2s. In various risk scenarios, the average supply and demand balance rates of this system and traditional systems were 0.97 and 0.93 respectively.
Therefore, the intelligent decision-making system proposed in this paper can cope with the changing grid status and external environment, accurately
identify risks and respond quickly, showing its broad potential in smart grid applications.

Keywords: Power Grid Dispatching, Intelligent Decision-making System, Generative Artificial Intelligence, Conditional Generative Adversarial
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1. INTRODUCTION

Generative Al can dynamically generate various risk
scenarios and improve the risk identification capability

As the global demand for energy increases, power systems
[1-2] are becoming increasingly complex. Traditional
PG dispatch systems face challenges such asrapid demand
fluctuations, renewable energy integration, and PG [3-4]
security. The intermittent nature of renewable energy sources
necessitates improved operational efficiency and raises risks
such as equipment failure and load variability. Consequently,
it has become critical to enhancethe adaptability and intel-
ligence of PG dispatch decision-making systemsin order to
achievepower system reform.
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of the PG. Combining convolutional neural networks and
Bi-LSTM can make full use of historical data and time
series characteristics to improve sensitivity to changes in PG
status. Deep reinforcement learning can be used for real-
time dispatch decisions to improve the dispatch efficiency
and flexibility of the PG. This study not only offersa new
intelligent decision-making framework for PG dispatching,
but also provides a theoretical basis for subsequent research,
promoting the intelligent transformation of power systems,
and has important practical application value and social
significance.

This paper proposes an intelligent decision-making
method for PG dispatching that integrates CGAN, CNN-
Bi-LSTM and DQN models. Aiming at the complex
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operating environment and diversified risk scenarios of the
PG, it achievesefficient and intelligent management of PG
dispatching. Through the data collection and preprocessing
stage, the present studyobtains the data set of PG status, loads
data and meteorological conditions, and constructs training
data containing various risk scenarios. The CGAN model is
used to generate PG status data such as voltage and current
under various risk scenarios. The CGAN model generates
simulated PG data based on the input risk condition labels
through adversarial learning, making the generated data close
to the real scenario. The CNN-Bi-LSTM model is used to
extract features and identify risks of the generated PG data.
The CNN componentis used to extract local spatial features,
whileBi-LSTM is used to capture risk sequence features.
Based on the risk identification results, the DQN model inputs
the current state of the PG and risk category information into
the decision network, and balances exploration and utilization
through experience replay and e-greedy strategy, thereby
realizing intelligent scheduling decisions. This studyuses
CGAN to expand the diversity of PG data sets, so that the
model can be trained in the absence of complete data and can
simulate various risk scenarios. The CNN-Bi-LSTM model
combines local feature extraction and sequence modeling
capabilities to achieve highly-accurate risk identification,
and realizes real-time linkage between risk identification
and intelligent scheduling through DQN. The CGAN used
in this paper can accurately generate data for various risk
scenarios. Combined with CNN and Bi-LSTM, it can
accurately identify multiple risks, with a higher recognition
accuracy than CNN-LSTM, Bi-LSTM, Transformer, and
TCN (Temporal Convolutional Network). Compared with
traditional systems, the proposed system has more advantages
in terms of response time and supply-demand balance rate, and
has greaterstability whendealing with different risk scenarios.

2. RELATED WORK

Research on PG dispatch decision-making systems has gained
significant attention due to complex power demand and
renewable energy integration. Many researchers are focused
on enhancing the intelligence of PG dispatch to adapt to
the evolving market environment. Zhang et al.’s research
[5] introduced a data-driven prediction model that analyzes
historical loads and equipment status to improveaccuracy
and real-time performance. Hussain Shahbaz [6] applied
genetic algorithms to develop a new PG dispatch model
that balances economy and safety under various constraints.
Traditional systems [7—8], reliant on empirical rules, struggle
to adapt to rapid changes. To address this, Mo Qiu
[9] proposed a dynamic dispatching strategy that lever-
ages real-time monitoring and forecasting data to improve
responsiveness, effectively managing load fluctuations and
intermittent renewable generation. Zhao Xiwu [10] examined
grid dispatch challenges in competitive markets, proposing
a model based on market demand and price signals for
optimal resource allocation. Additionally, multi-objective
optimization [11] in grid dispatching addresses economy,
environmental impact, and system stability by balancing
objectives through weights and constraints. Overall, research
in PG dispatch is moving toward intelligence, real-time

adaptability, and multi-objective optimization, integrating
advanced algorithms to enhance power system safety and
economy.

Generative algorithms are increasingly being utilized in PG
systems to address power demand fluctuations and renewable
energy uncertainties. Generative adversarial networks [12]
and conditional GANs [13] generate simulated data that help
decision makers identify potential risks. CGANs specifi-
cally create power load data under varying meteorological
conditions, allowing for analysis of weather impacts on PG
operations and enhancing dispatch flexibility and response
speed. By integrating generative models [14] with historical
PG operation data, diverse scenario data are generated
to simulate the volatility of renewable energy, providing
valuable support for dispatch decisions. These risk scenario
datasets enable better evaluation of PG operating status under
uncertainty and optimize dispatch strategies. The adoption of
generative algorithms [15] facilitates the analysis of complex
scenarios, effectively identifying potential risks. Research
by Siniosoglou[16] demonstrates that combining generative
algorithms with deep learning enhances the PG system’s
ability to detect patterns in historical data, improving risk
identification and early warning accuracy. Overall, the study
of generative algorithms in PG systems offers new insights for
dispatch decisions and supports the intelligence, flexibility,
and efficiency of PG operations.

Risk perception and identification in PG dispatching are
vital for safe power system operation. The opening of the
power market [17] and the growth of renewable energy have
increased the complexity of risk management. Researchers
are improvingrisk identification methods using advanced
data analysis and machine learning, such as LSTM [18],
which analyze historical load data and weather factors to
identify risk patterns and improve short-term load forecasting.
Pei Shaoqian [19] used deep learning models to monitor
the PG operation status and external environment in real
time and achieved dynamic risk perception. This method
can not only improve the response speed to emergencies,
but also provide strong support for scheduling decisions
through risk identification. For complex PG environments,
ensemble learning methods [20] combine the advantages of
multiple algorithms to improve the accuracy and stability of
identification. Some studies have also begun to focus on risk
decision-making strategies based on reinforcement learning
[21]. Through the interaction between the agent and the
environment, the dispatching plan is dynamically adjusted to
cope with the changing state of the PG. Although the research
on risk perception and identification in PG dispatching
hasgradually been paying more attention tointelligence and
automation, the aforementionedresearch does not attempt
to construct a systematic PG dispatching decision-making
system and cannot cope withthe ever-changing PG state
environment.

3. METHODS

3.1 Data Collection and Preprocessing

The process of intelligent decision-making for PG dispatching
is shown in Figure 1.
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Figure 1 The process of intelligent decision-making in PG dispatching.
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Figure 2 Voltage and current data fluctuations. Figure 2A. Voltage data, Figure 2B. Current data.

CGAN is used to generate data based on PG status, load
data, meteorological data, etc., to generate risk scenario data.
CNN-Bi-LSTM is used to train risk scenario data to identify
possible risks, and DQN is used to optimize dispatching
decisions to make appropriate dispatching decisions. The
dispatching decision can be applied to the power system to
reasonably arrange and control various links such as power
generation, transmission and distribution to ensure the reliable
supply of electricity.

In the intelligent decision-making of PG dispatching
[22-23], the accuracy and comprehensiveness of data are the
basis for achieving high-quality risk identification and dis-
patching decisions. This paper covers the multi-dimensional
information of the PG in the data collection stage: historical
PG status data, historical load data, meteorological conditions
and other data.
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The historical status data of the PG comes from the
monitoring data collected in real time from each substation and
transmission line. The collected content includes information
such as grid node voltage, current, power factor, frequency,
line load rate, fault records, etc., capturing the operating status
of the PG at different times. The data collection period is
from January 2019 to December 2019. The PG status data
is sampled and updated in 5-minute units to obtain dynamic
information of the PG.

The voltage and current data fluctuations of the substation
obtained over a certain day are shown in Figure 2.

It can be seen that the voltage is around 220V most of the
time, and the current is around 50A most of the time, that is,
the state of the substation is stable during the time periods
of 00:00-14:00 and 15:00-00:00. However, during the period
from 14:00 to 15:00, the voltage data dropped sharply and the
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Table 1 Display of meteorological data.

Time Temperature (°C) Humidity (%) Wind speed (m/s) Rainfall (mm) Air pressure (hPa)
2019/10/25 4:00 15.5 70 35 0 1015
2019/10/25 4:05 15.7 68 3.8 0 1015
2019/10/25 4:10 15.6 69 4 0 1014
2019/10/25 4:15 15.4 72 4.2 0 1014
2019/10/25 4:20 15.3 73 4.5 0 1014
2019/10/25 4:25 15.2 75 4.8 0 1013
2019/10/25 4:30 15 77 5 0 1013
2019/10/25 4:35 14.9 78 5.3 0 1013
2019/10/25 4:40 14.8 80 5.5 0 1012
2019/10/25 4:45 14.7 82 5.8 0 1012
2019/10/25 4:50 14.5 84 6 0 1012
2019/10/25 4:55 14.4 85 6.2 0 1012
2019/10/25 5:00 14.3 86 6.5 1 1011

current rose suddenly, which means that the substation failed
during the period from 14:00 to 15:00.

The historical load data is collected through the load
database of the PG dispatching department, including power
consumption records and historical dispatching data. The
collected data includes daily load curves, peak and valley
loads, typical power consumption patterns, power consump-
tion distribution, etc. The historical load data is also recorded
in 5-minute units to reflect the fluctuation of load in a short
period of time.

Through cooperation with the regional meteorological
bureau of the PG dispatching area, historical and real-time
meteorological data are obtained, including temperature,
humidity, wind speed, rainfall, air pressure and other
multi-dimensional meteorological data. The changes in
meteorological data are recorded in 5-minute units. Table 1
displays the meteorological data over a certain period of time.

In order to ensure the quality and availability of the data,
the collected data is preprocessed [24-25]. PG equipment
failure or communication interruption may cause PG data to be
missing. For a small number of missing values, interpolation
is used to fill these, and the mean is used to fill in the missing
data. For outliers in the data, the outliers are filtered out
through the box plot and the outliers are deleted. For duplicate
data records, redundancy is eliminated by deletion.

The timestamps of the PG status data, load data, and
meteorological data may be inconsistent when they are
collected. By aligning the timestamps, data sampling is
performed every 5 minutes to ensure data end alignment.
Also,data from different sources can be integrated to build
a multi-dimensional data set.

3.2  CGAN Model Construction and Training

CGAN][26-27] is an extended generative adversarial network
that generates data that meets specific conditions by intro-
ducing conditional variables. CGAN is used to generate risk
scenario data related to the current state of the PG, historical
load data, meteorological conditions, etc. CGAN [28-29]
consists of a generator and a discriminator.

The CGAN model is shown in Figure 3.

The generator accepts random noise z and conditional
information c, and the generated sample is:

x'=G(z, ) (1)

The discriminator accepts samples and conditional infor-
mation ¢, and outputs the probability of real samples and
generated samples. The loss function of CGAN is based on the
form of cross-entropy. The discriminator loss is expressed as:

LD = _EX"’Pdam (x)[log D(ch)]
—Eenp.ollog(1 = DG Ole)] ()
The generator loss is expressed as:
LG = =Einp.(ollog D(G(z, 0)l0)] 3)

In the intelligent decision-making system for PG dis-
patching, CGAN is used to generate risk scenario data
related to the PG status, historical load data, meteorological
conditions, etc. The generated risk scenarios include
load fluctuations, equipment failures, fluctuations on the
power generation side, meteorological disasters, transmission
network congestion, power market price fluctuations, and
frequency fluctuations.

3.3  Feature Extraction and Sequence
Modeling

CNN is used to extract local features from the generated risk
scenario data, and the features extracted by CNN are input
into Bi-LSTM for time series modeling [30]. The cross-
entropy loss function is used to evaluate the risk category
recognition effect of the model [31]. CNN is used to process
the generated risk scenario data, including feature sequences
such as voltage, current, temperature, and wind speed, and
extract local spatial features in the data.

The CNN-Bi-LSTM model is shown in Figure 4.

The generated risk scenario data is X € R7*VN, where
T represents the time step, and N represents the feature
dimension of each time step. The convolution operation is:

k—1

hii=f D wij xiyj+bi “
j=0
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Figure 4 CNN-Bi-LSTM model.

The convolutional features are further downsampled
through the pooling layer, and the feature dimension is
reduced through the pooling operation. The convolutional
and pooled feature maps are used as time series features and
input into the Bi-LSTM model for time series modeling. Bi-
LSTM captures the forward and backward time dependencies
and models risk identification more accurately.

The feature map sequence H = [hy, ha, ..., ht] output
by CNN is input into Bi-LSTM. Bi-LSTM [32-33] contains
both a forward LSTM and a backward LSTM, which calculate
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the forward hidden state and the backward hidden state
respectively. The formula is:

]';t = LSTMforward (hs, h;—l)
<« <
ht = LSTMbackward (hta ht+1)
H, = [];t; Et]

&)
(6)
(N

For each sample, the cross-entropy loss is calculated as:

C
L=—-Y"yclog(pc)

c=1

®)
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Figure 5 System interface.

Where y. and p. are the true label and predicted label of
the sample respectively.

3.4 DQN Model Construction and Training

In the PG dispatching intelligent decision-making system,
DQN is used as the decision-making core to generate
dispatching strategies. The input layer of the DQN [34-35]
model receives the status and risk information of the PG.
Multiple fully connected layers can be used to construct
hidden layers, and complex features can be extracted through
nonlinear activation functions. The original state features of
the input are mapped into more compact and useful feature
representations to improve the decision-making ability of the
model. A set of Q values for actions is generated, where each
Q value represents the score of a specific scheduling action.
Actions include starting and stopping the generators, adjusting
the load distribution, etc. By maximizing the Q value, DQN
selects the optimal action to perform PG scheduling.

DQN [36-37] introduces an experience replay mechanism
in training, storing the historical state-action-reward-next state
in the experience pool. The role of experience replay is to
evenly cover the state space, so that DQN can more fully
generalize to unseen states.

In order to strike a balance between exploring new strategies
and using the current best strategy, the e-greedy strategy is
adopted.

DQN updates the Q value through the Bellman equation,
the formula is.

O(se, ar) = Q(se, a)+alri+y max O(si+1,a)— Q(s, ar)]
©))

An intelligent decision-making system for PG dispatching

is constructed by combining CGAN, CNN, Bi-LSTM and
DQN modules. The CGAN module is used to receive the PG
status and environmental data and generate data for different
risk scenarios. CNN is used to extract features from the risk
scenario data generated by CGAN to obtain local information

10

that characterizes different risk features. Bi-LSTM is used
to capture the time series information in the risk scenario to
complete risk identification. DQN is used to receive the risk
identification results of Bi-LSTM and the current state of the
PG, and output the optimal dispatching strategy.

The interface of the PG dispatching intelligent decision-
making system is shown in Figure 5.

In order to effectively analyze and evaluate the effect of
risk scenario data generation, the CGAN model is compared
with DCGAN (Deep Convolutional Generative Adversarial
Network), WGAN (Wasserstein Generative Adversarial Net-
work), and VAE (Variational Autoencoder). MSE (Mean
Squared Error) is used to determine the difference between
generated data and real data in different scenarios.

The calculation formula of MSE is:

1 n
MSE =~ > (vi — 3 (10)
2

CNN is used to extract features from the generated risk
scenario data, and Bi-LSTM is used to identify risks. In
order to measure the performance of risk identification,
multiple evaluation indicators are set, including accuracy and
precision.

Traditional PG dispatching systems use pre-set rules and
control strategies. These rules are based on the experience
of experts and accumulated long-term PG operation data, and
can handle common PG operations, including load balancing,
generator dispatching, fault handling, etc.

The dispatching decision response time is the time interval
from the system receiving new status data to generating a
dispatching decision. The response time formula is:

I, =TT, (1)
Supply and demand balance error formula:
Ep = |Ps — Pyl (12)

Where E,, is the supply-demand balance error [38-39];
Py represents the power supply at the current moment; Py
represents the power demand at the current moment.

Engineering Intelligent Systems
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Figure 6 CGAN generated data and real data. Figure 6A. Voltage data generation effect. Figure6B. Current data generation effect.

The supply-demand balance rate can more comprehen-
sively evaluate the system’s ability to maintain supply-demand
balance over a period of time:

X B
> o1 Pa(t)

This paper compares the number of failures and the failure
recovery time of the traditional system and the proposed
system in different risk scenarios to evaluate the stability of
the system. If the data fluctuations of the failure frequency and
failure recovery time of the system are small under different
risk scenarios, that is, the performance of the system is less
affected by the external environment, this indicates that the
system is highly stable.

B=1 13)

4. RESULTS

4.1 Effect of Data Generation

This paper uses CGAN for data generation. The generator
produces realistic data based on grid status, historical load,
meteorological conditions, etc. The discriminator distin-
guishes between real and generated data. The comparison
between the data generated by CGAN and the real voltage
and current data is shown in Figure 6.

Combining the data change trends of Figure 6A and
Figure 6B, it can be clearly seen that the voltage and current
data generated by CGAN are very close to the real data, and
the data change trends are consistent. The generator generates
realistic voltage and current data to deceive the discriminator,
which distinguishes between generated data and real data by
learning the characteristics of real data. Through multiple
iterations, the generator continuously optimizes its generation
ability, making the generated data gradually approach the
real data. During the generation process, CGAN inputs
conditional information such as grid status, historical loads,
and meteorological conditions, so that the generated data
meets the physical constraints of the power system while
reflecting the changes in the actual operating environment
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and status, ensuring the authenticity of the data. The
generator obtains different voltage and current generation
targets through conditional input ateach iteration, simulates
the grid behavior under different risk scenarios and load
conditions, and makes the generated grid data close to the
actual situation. The discriminator continuously compares
the real data with the generated data, identifies and optimizes
the rationality of the generator output in detail, so that the
generated data gradually conforms to the data distribution of
the real PG in terms of structure and statistical characteristics.
The voltage and current data in the PG have time series
characteristics and specific distribution. CGAN captures these
characteristics while making the generated data have trend
changes and fluctuation characteristics consistent with the real
PG data. CGAN can generate grid state data with high fidelity.
The results generated by CGAN can match the performance
of actual grid data in terms of accuracy and consistency.

In order to more accurately determine the data generation
effect of CGAN, CGAN, DCGAN, WGAN, and VAE are
compared. The data generation effects of different generation
algorithms are shown in Figure 7.

Figure 7 shows the generation effect of voltage data. The
average MSE value of voltage data generated by CGAN
under different risk scenarios remains at a low level, showing
high generation accuracy and stability. In scenarios such
as load fluctuations, equipment failures, and meteorological
disasters, the MSE value of CGAN does not exceed 0.8 V2,
outperforming DCGAN, WGAN, and VAE. Specifically, for
load and frequency fluctuations, CGAN’s MSE values are
0.8 V2 and 0.7 V2, while DCGAN’s MSE reaches 1.8 V2
and 1.5 V2, and WGAN and VAE exceed 2.3 V2. The
average MSE values are 0.73 V? for CGAN, compared to
1.57 V2 for DCGAN, 2.06 V2 for WGAN, and 2.56 V>
for VAE. CGAN’s superior data generation stems from its
use of specific conditional inputs, allowing it to effectively
capture characteristics of various risk scenarios and enhance
the authenticity of the generated data. CGAN’s generation
discriminant network optimizes the generated data through a
dynamic competition mechanism, making the generated data
closer to the real data distribution and reducing the difference
between the generated data and the real data. The MSE

11
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values of the data generated by CGAN remain relatively stable
in different risk scenarios, indicating that CGAN has high
robustness in the data generation process. No matter how the
scenario conditions change, CGAN can adaptively adjust the
mode of generated data to ensure the reliability of generated
data. CGAN can generate stable and accurate data in different
PG risk scenarios.

4.2  Results of Risk Identification

The seven risks of load fluctuation, equipment failure, power
generation fluctuation, meteorological disaster, transmission
network congestion, power market price fluctuation, and
frequency fluctuation are labeled a, b, c, d, e, f, and g
respectively. In this study, CNN-Bi-LSTM is used for
risk identification. The results for different types of risk
identification are shown in Figure 8.

The CNN-Bi-LSTM model in Figure 8A performs better
than other models when dealing withvarious risk types. The
accuracy of the risk types of load fluctuation, equipment
failure, power generation fluctuation, meteorological disaster,
and power market price fluctuation is 97.9%, and the accuracy
of transmission network congestion and frequency fluctuation

12

1s98.8% and 98.1% respectively. CNN-Bi-LSTM has obvious
superiority and stability in identifying various risks. CNN-Bi-
LSTM makes full use of CNN’s ability to extract local features
and combines it with Bi-LSTM’s bidirectional sequence
modeling capabilities to effectively capture the spatiotemporal
characteristics of data and improve the recognition accuracy of
complex risk patterns. Although CNN-LSTM and Bi-LSTM
have higher recognition accuracy in some scenarios, their
overall performance is not as stable as CNN-Bi-LSTM.
Although the Transformer and TCN models performed well
under certain types of risks, their recognition accuracy
declined in complex environments involving meteorological
disasters and frequency fluctuations. The average recognition
accuracy of CNN-Bi-LSTM, CNN-LSTM, Bi-LSTM, Trans-
former, and TCN were 98.1%, 95.5%, 95.8%, 95.1%, and
94.5%, respectively. Figure 8B shows the risk recognition
precision of different recognition models. The average
recognition precision of CNN-Bi-LSTM, CNN-LSTM, Bi-
LSTM, Transformer, and TCN were 97.8%, 95.3%, 94.5%,
94.7%, and 94.4%, respectively. Similarly, CNN-Bi-LSTM
has the highest recognition precision in terms of all risks.
By combining CNN and Bi-LSTM, the proposed systemcan
accurately identify various risks.

Engineering Intelligent Systems



Y. LIU ET AL.

Response time (s)

I This paper system
B Traditional system

Risk scenarios

Figure 9 Response time of dispatching decision.

4.3 Dispatch Decision Performance

In this study, DQN was adopted to make PG dispatch
decisions, and the performance of the proposed system was
compared with that of the traditional system. The response
time comparison results of the dispatch decision are shown in
Figure 9.

The proposed system has a better response time than
traditional systems whendealing with various grid risk scenar-
i0s. The response time of the proposed system in scenarios
involving load fluctuation, equipment failure, generation side
fluctuation, meteorological disaster, transmission network
congestion, power market price fluctuation and frequency
fluctuation is between 1.2 and 1.4 seconds. The response
time of the traditional system is significantly longer, far
exceeding the response time of the system in this paper. The
average response time of the system in this paper and the
traditional system is 1.2s and 7.4s respectively. The system
in this paper uses CGAN and CNN-Bi-LSTM to identify grid
risks, and combines DQN for real-time scheduling decisions.
According to the historical data, real-time status and external
environmental conditions of the PG, risk scenarios are
generated to predict potential risks in advance, and then the
local features of the data are extracted using convolutional
neural networks. Bi-LSTM is used for time series modeling to
identify specific risk types in a short time. The DQN algorithm
can dynamically generate the optimal dispatching plan and
respond to different grid status changes in a timely manner.
The system proposed in this paper has a higher degree of
automation, can adapt to the rapid changes in grid status, and
greatly reducesthe response time.

Traditional systems rely on preset rules and control
strategies and cannot quickly adapt to complex and dynamic
changes in the grid environment. In scenarios where there
is transmission network congestion or power market price
fluctuation, traditional systems need to rely on manual
decisions by dispatchers or the response of semi-automated
rules, resulting in time lags. For the complex economic
dispatch problem of power market price fluctuations, the
preset strategy of the traditional system lags behind the
changes in market prices, resulting in a response time of up to
10.2 seconds. In the case of transmission network congestion
and frequency fluctuations, due to the complexity of the
network and high real-time requirements, the response time
of the traditional system is significantly longer than that of the
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proposed system. The proposed system shows extremely high
response efficiency in dealing with various types of PG risks,
and demonstrates extremely short response time in multiple
risk scenarios.

The supply-demand balance rate indicatesthe balance
between power supply and demand over a period of time,
and the value range of the supply-demand balance rate is
0-1. A supply-demand balance rate of 1 means that during
a certain period, power supply is completely equal to power
demand. A supply-demand balance rate of 0 means that during
a period of time, power supply is completely unable to meet
power demand. The supply-demand balance rate results of
the proposed system and the traditional system are shown in
Figure 10.

The proposed system achieves a better supply and demand
balance rate than the traditional system, with averages of 0.97
and 0.93, respectively. For load fluctuations, the proposed
system maintains a balance rate of 0.96, compared to 0.93 for
the traditional system, demonstrating superior responsiveness.
It employs DQN to formulate dispatch strategies, minimizing
supply and demand errors. In cases of equipment failures and
generation fluctuations, the proposed system’s balance rate is
0.97 versus 0.95 for the traditional system. Utilizing CGAN to
generate risk scenarios and Bi-LSTM for timing information,
the proposed system can make real-time adjustments. In
scenarios involving meteorological disasters ortransmission
network congestion, the proposed system achieves a balance
rate of 0.98, compared to 0.96 and 0.92 for the traditional
system, with a notable difference in network congestion
scenarios. The proposed system identifies congestion issues
more quickly, allowing for dynamic strategy adjustments. For
market price and frequency fluctuations, the proposed system
maintains a balance rate of 0.97, significantly outperforming
the traditional system’s 0.91. This higher balance rate is
due to the proposed system’s intelligent decision-making and
efficient real-time data processing, enabling proactive risk
prediction and flexible responses.

4.4  System Stability Analysis

In order to test the stability of the system, the number of
system failures and failure recovery time under different risk
scenarios are determined and analyzed. The results of the
system stability analysis are shown in Table 2.
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Supply and demand balance rate

@ This paper system
B Traditional system

Risk scenarios

Figure 10 Supply and demand balance rate.

Table 2 System stability.

This paper system Traditional system

Risk scenarios Number of system  Failure recovery Number of system  Failure recovery

failures time (s) failures time (s)
Load fluctuations 2 29 4 65
Equipment failures 2 34 5 125
Generation fluctuations 2 26 3 76
Meteorological disasters 2 30 8 234
Transmission network congestion 1 32 5 296
Power market price fluctuations 1 29 6 78
Frequency fluctuations 2 29 4 64

Table 2 shows the number of system failures and fault
recovery times under different risk scenarios. From the
comparative results, it can be concluded that the proposed
system has fewer failures and shorter fault recovery time
than the traditional system. In the proposed system, the
number of failures is mostly 2, and only 1 in the scenario
of transmission network congestion and power market price
fluctuation. However, the number of failures in traditional
systems varies greatly depending on the scenario. The
number of failures due tometeorological disasters is 8, and the
number of failures in power generation fluctuation scenarios
is 3. The failure recovery time of the proposed system
fluctuates less, with the shortest recovery time being 26s and
the longest recovery time being 34s. The shortest recovery
time of the traditional system is 64s and the longest recovery
time is 296s. These results demonstrate that the proposed
system can effectively improve the stability of the system
by generating a variety of complex risk data, identifying and
making appropriate scheduling decisions.

S.  CONCLUSIONS

In this study, a PG dispatching intelligent decision-making
system is constructed based on CGAN, CNN-Bi-LSTM and
DQN, achieving remarkable results in generating high-quality
risk data and realizing high-precision risk identification in
multiple types of PG risk scenarios, which significantly
improves the intelligence level of PG dispatching and system
reliability. This studyuses CGAN to generate realistic risk
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scenario data, combines the CNN-Bi-LSTM model to achieve
multi-dimensional risk feature extraction and sequence mod-
eling, and optimizes the scheduling decision of DQN to ensure
PG security and load balance. The proposed system can
cope with complex PG risk scenarios, providesan accurate
basis for decision-making, and demonstrates its potential
value in smart grid systems. However, the system may still
experience performance degradation when the data volume is
large or the scenario is highly specific, and the requirements
for real-time computing and model computing are high, which
limits the real-time deployment capability in ultra-large-scale
PGs. Future research couldexplore various ways to improve
themodel efficiency and adaptive capabilities, and further
combine distributed computing technology to optimize real-
time scheduling performance and adapt to a wider range of
application scenarios.
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