Proceedings of the 3rd International Conference on Mechatronics and Smart Systems
DOI: 10.54254/2755-2721/147/2025.22620

Research on Power Grid Stability Analysis Method Based on
CNN

Zhilin Yi

College of Electrical Engineering and Automation, Shandong University of Science and
Technology, Tsingtao, China
202311100927 @sdust.edu.cn

Abstract: In the modern society with a high dependence on power systems, the stable
operation of the power grid is of utmost significance. Traditional approaches for analyzing
power grid stability suffer from several limitations, including high computational complexity,
notable sensitivity to data quality, and inadequate representation of dynamic characteristics.
To address these issues, this paper proposes a power grid stability analysis method predicated
on the Convolutional Neural Network (CNN). In this method, the discrimination of power
grid stability is modeled as a binary classification problem. By performing preprocessing
operations on the input data, such as outlier cleansing based on the 36 criterion and min-max
normalization, the CNN's convolutional layers, pooling layers, and fully connected layers are
utilized to extract features and classify the states. The case study is founded on the actual
monitoring data of a regional power grid. The results demonstrate that the accuracy of the
proposed method on both the training set and the test set is remarkably superior to that of the
Fully Connected Neural Network (FNN). This method can offer effective technical support
for the safe operation of the power grid.
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1. Introduction

In the contemporary era where electricity is highly indispensable, the stable functioning of the power
grid is of critical importance. As indicated in reference [1], power grid stability is directly correlated
with the reliable power supply of the power system. In the event that the power grid stability analysis
method proves to be ineffective, it may give rise to severe consequences like voltage collapse and
frequency anomalies in the power system, thereby exerting an impact on various sectors such as
industrial production and residential life. Precise power grid stability analysis can effectively
anticipate potential risks, rationally arrange power dispatching, ensure the real-time equilibrium of
power supply and demand, and safeguard the safe and stable operation of the power grid.

At present, there exists a plethora of power grid stability analysis methods. Reference [2] adopts a
mathematical analysis method based on power flow calculation. By meticulously computing the
power distribution and voltage variations within the power grid, the stability of the power grid is
appraised. Reference [3] employs a data-driven machine learning algorithm. Utilizing historical data
to construct a model, it undertakes predictive analysis of the power grid state. Reference [4] resorts
to the complex network theory. From the perspective of the power grid topology, it examines the
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stability of the power grid under different working conditions. Reference [5] utilizes a probability
statistics-based method. Considering the various uncertain factors in the power system, it conducts a
probabilistic assessment of power grid stability.

Nevertheless, the above-mentioned traditional methods have certain drawbacks. According to
reference [6], the mathematical analysis method is computationally intricate and struggles to promptly
respond to the real-time alterations of the power grid state. The data-driven method is susceptible to
the influences of data quality and model generalization ability. The complex network theory fails to
comprehensively depict the dynamic characteristics of the actual power grid. The probability statistics
method relies on copious amounts of historical data and an accurate probability model. In contrast,
artificial intelligence technology, with its nonlinear modeling ability and adaptive learning
characteristics, can efficiently process high-dimensional dynamic data and provides a new paradigm
for power grid stability analysis. Recent studies have further demonstrated the potential of CNN in
handling complex power system data, as highlighted in [7].

This paper puts forward a power grid stability analysis method based on CNN in light of the
limitations of traditional methods. Firstly, data cleansing and normalization processing are carried
out on power grid operation parameters (such as response time t, rated power p, price elasticity
coefficient g). Secondly, a CNN network architecture is constructed. The convolutional kernels are
employed to extract local features, and in combination with the pooling layer for dimension reduction,
the robustness of the model is enhanced. Finally, the binary classification of stable/unstable states is
accomplished through the fully connected layer. By capitalizing on the potent feature extraction
capability of CNN, an accurate determination of the stable and unstable states of the power grid is
achieved. The case analysis reveals that the accuracy of this method on the training set and test set
attains 92% and 90% respectively, which is conspicuously better than that of the fully connected
neural network, furnishing robust technical support for the safe and stable operation of the power grid.

2.  Power grid stability analysis method based on CNN
2.1. Problem description and data preprocessing

In the domain of power grid stability analysis, the utilization of Al technology to resolve related
problems has emerged as the central focus of current research. Notably, by applying machine learning
and deep learning technologies, the stability judgment is ingeniously formulated as a binary
classification problem, thereby opening up a novel avenue for power grid state assessment.

The input data encompasses several crucial elements. tau represents the reaction time of the
participants, with a value range spanning from 0.5 to 10 seconds. This data can mirror the response
speed of the relevant entities within the power grid when confronted with diverse disturbances and
holds great significance for evaluating power grid stability. p denotes the rated power that is either
consumed (negative) or generated (positive), which directly exhibits the power supply and demand
status within the power grid and constitutes a key indicator for analyzing the power grid operation
state. g is a coefficient proportional to the price elasticity (gamma), with a value range of [0.05, 1]
s”(-1), where gl specifically pertains to the coefficient value for power producers. This parameter
reflects the potential influence of power market price factors on power grid operation.

Through an in-depth analysis of these input data, the state of the power grid is distinctly
categorized into two output classes: stable and unstable, thus consummating the binary classification
modeling of stability judgment. In this process, data preprocessing is an essential step. Taking the
cleansing of raw data as an example, an outlier detection algorithm based on statistical methods, such
as the 3o criterion, can be adopted. Data points whose deviation from the mean exceeds 3 times the
standard deviation are regarded as outliers and are thus eliminated. The normalization process can
utilize the min-max normalization method to map the data onto the [0, 1] interval, ensuring that data
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with different dimensions can be analyzed on the same scale, thereby enhancing the accuracy and
stability of the model.

2.2. CNN network architecture and feature extraction

In the research on power grid stability analysis predicated on artificial intelligence, we adopt the
Convolutional Neural Network (CNN) method. Firstly, a brief introduction to the Fully Connected
Neural Network (FNN) is provided. FNN is a fundamental neural network structure in which neurons
are connected to all neurons in the preceding and subsequent layers. In this network, each neuron in
the input layer is linked to the neurons in the hidden layer and output layer through weights, and the
signal propagates in the sequence from the input layer through the hidden layer and ultimately reaches
the output layer. In simple image recognition tasks such as distinguishing numbers from 0 to 9, FNN
can achieve a relatively high recognition accuracy by learning a substantial amount of sample data.
However, when dealing with complex data like those with spatial structure, since each neuron is
connected to other neurons, the number of parameters will increase exponentially, resulting in issues
such as excessive computational load, prolonged training time, and a propensity for overfitting. In
contrast, CNN effectively overcomes these problems [8]. CNN primarily consists of convolutional
layers, pooling layers, and fully connected layers. The convolutional layer is the core component of
CNN. The convolutional kernels glide over the data and extract local features of the data through
convolution operations.
The mathematical expression of the convolution calculation formula of CNN is as follows:

O(ij)= (ZS:I ZE:IO Zié Ic(i's+m—p,j -s+n—p) ~Kc(m,n)> +b (D

In the formula, the input Ic represents the c-th channel of the input data (the number of channels
is Cin), with a size of HinxWin; the convolutional kernel Kc is the weight of the convolutional kernel
corresponding to the c-th input channel, with a size of KxK; the output O(i,)) is the value of the output
feature map at the positionc(i,j), and its size is determined by the stride (s) and padding (p); the
hyperparameters include s(stride: the sliding interval of the convolutional kernel), p(padding: the
number of layers of zero padding at the input edge, used to control the output size), and b(bias term:
a scalar, enhancing the nonlinearity of the model).

The weight parameters in the convolutional kernel are shared, which substantially reduces the
number of parameters of the model. While diminishing the computational volume, it effectively averts
the overfitting phenomenon. For instance, when a 3x3 convolutional kernel slides over a 10x10 image,
a traditional fully connected neural network would need to establish connections between each pixel
and all other pixels, resulting in an enormous number of parameters. In contrast, CNN only needs to
calculate the parameters within the convolutional kernel through the shared weights of the
convolutional kernel, and the number of parameters is significantly reduced. The pooling layer
downsamples the feature map output by the convolutional layer. Common pooling methods
encompass max pooling and average pooling. Max pooling selects the maximum value within the
pooling window as the output, while average pooling calculates the average value within the pooling
window as the output. Through the pooling operation, the data volume is further reduced while the
principal features are retained, remarkably enhancing the computational efficiency. This hierarchical
feature extraction mechanism aligns with the findings in [9], which emphasizes the adaptability of
CNN in smart grid applications.

In power grid stability analysis, the preprocessed input data is transformed into a format suitable
for CNN processing. For example, data such as tau, p, and g are arranged into a multi-dimensional
array as input according to specific rules. Recent advancements in power system technology, as
discussed in [10], validate the effectiveness of such data organization strategies in improving model
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robustness. Firstly, in accordance with the physical meaning and mutual relationship of the data, tau,
p, and g are organized as different dimensions to form a three-dimensional array. Subsequently,
through the successive operations of CNN, the convolutional layer continuously extracts the local
features in the data, and the pooling layer downsamples the feature map, gradually compressing the
data volume and highlighting the key features [11]. Finally, the classification judgment is made
through the fully connected layer, and the result of the power grid being in a stable or unstable state
is output. This method takes full advantage of the powerful feature extraction ability of CNN and can
effectively tackle the intricate problems in power grid stability analysis, providing reliable technical
support for the safe and stable operation of the power grid.

3.  Case analysis
3.1. Dataset introduction

The dataset employed in this study is sourced from the actual operation monitoring data of a regional
power grid over numerous years, encompassing power grid operation information across different
seasons, diverse time periods, and various power consumption scenarios. The dataset is relatively
extensive, containing 50,000 data records, and each record incorporates key data features such as tau,
p, and g utilized for power grid stability analysis. The data preprocessing methodology aligns with
best practices in energy engineering studies [12], ensuring high reliability and scalability of the model.

During the data preprocessing stage, initially, the 3o criterion is utilized to cleanse the original
data, and approximately 2% of the abnormal data points are expunged to guarantee the reliability of
the data. Subsequently, the min-max normalization method is applied to map the data onto the [0, 1]
interval, enabling data with different dimensions to be analyzed on a unified scale. Eventually, the
dataset is partitioned into a training set and a test set according to the ratio of 70% for the training set
and 30% for the test set, yielding 35,000 training set data and 15,000 test set data.

3.2. Network parameter settings

The CNN adopted in this paper comprises 3 convolutional layers, 2 pooling layers, and 2 fully
connected layers. In the convolutional layers, the sizes of the convolutional kernels are 3x3, 5x5, and
3x3 respectively, and the number of output channels following each convolutional layer is 32, 64,
and 128 in succession. The pooling layers all adopt a 2x2 max pooling window. The number of
neurons in the fully connected layers is 128 and 2 respectively, and the last layer outputs 2 nodes
corresponding to the two states of stable and unstable. The learning rate is set to 0.001, and the Adam
optimizer is employed for parameter update to accelerate the convergence speed of the model. Similar
parameter configurations have been successfully applied in CNN-based fault diagnosis models, as
evidenced by [13].

3.3. Caseindex and comparative analysis

In the stability analysis, the accuracy rate is selected as the principal evaluation index to measure the
correctness of the model's judgment regarding the power grid stability state. To validate the
superiority of the CNN method adopted, it is contrasted with the Fully Connected Neural Network
(FNN). As shown in Table 1 below, it presents a comparison of the accuracy rates between the FNN
and CNN methods on both the training set and the test set.
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Table 1: Comparison of the accuracy rates between CNN and FNN

Method Training Set Accuracy Test Set Accuracy
FNN 85% 82%
CNN 92% 90%

From Table 1, it is evident that through the comparison of the two methods, the accuracy rates of
CNN on the training set and test set (92%, 90%) are significantly higher than those of FNN (85%,
82%). Collating the data yields a more intuitive histogram, as shown in Figure 1, where the
comparison of two different color methods with indicators makes it is clear that the CNN method is
far more reliable and accurate than the FNN. CNN can extract data features more effectively and
exhibits stronger modeling capabilities for complex power grid stability problems. Therefore, in
practical applications, it can more precisely determine the stable state of the power grid and offer
more reliable assurance for the safe and stable operation of the power grid.

Comparison of the Accuracy Rates between CNN
and FNN

94% 92%

92% 90%
90%
88%
86% 85%
84% 82%
82%
80%
78%
76%
FNN CNN

B Training Set Accuracy M Test Set Accuracy

Figure 1: CNN and FNN comparison histograms

4. Conclusions

This paper successfully devises a power grid stability analysis method based on CNN. Through the
rational processing and feature engineering optimization of key data such as tau, p, and g, and by
leveraging the hierarchical feature extraction capacity of CNN's unique network structure, the
complex features in the data are effectively extracted, and an accurate assessment of power grid
stability is achieved. In the case analysis, the proposed method demonstrates an accuracy rate far
exceeding that of the fully connected neural network on both the training set and test set, thoroughly
validating its superiority and effectiveness in handling power grid stability analysis problems. This
method is anticipated to be widely utilized in actual power grid operation, providing a solid technical
foundation for ensuring the safe and stable operation of the power grid, rationally arranging power
dispatching, and realizing the real-time balance of power supply and demand. Future research can
further explore the adaptability of CNN in heterogeneous power grids and attempt to integrate it with
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models such as Graph Neural Network (GNN) to enhance the analysis efficiency in complex
scenarios. For instance, the integration of CNN with transient stability evaluation frameworks, as
proposed in [14] and [15], could offer novel insights into multi-scale power grid dynamics.
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