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Table 1 Hyperparameter optimization results of different methods

Method Learning rate Accuracy
Nelder-mead 0.001076 0.99693
PSO 0.001207 0.99710
Sobol 0.000780 0.996 84
Grid Search 0.001132 0.99703
GWO 0.000924 0.996 96
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Fig. 8 Identification results of five different methods
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Table 3 Accuracy of three methods in a 33-bus distribution
network system at different missing rates

Accuracy/%
Missing rate
DNN IDCNN SOM-CNN
2% 90.67 91.04 95.42
5% 81.36 80.27 88.68
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Topology Identification for Smart Distribution Networks Based on
Data-Driven and Deep Neural Networks

DU Wenkai, CHEN Xinyi, XUE Dong
(Key Laboratory of Smart Manufacturing in Energy Chemical Process, Ministry of Education,
East China University of Science and Technology, Shanghai 200237, China)

Abstract: Topology identification of the network structure is fundamental for the optimization and control of
distribution systems. With the high penetration of renewable energy generation, such as wind and solar power, the
topology of distribution networks has become more complex and changes frequently, significantly increasing the
difficulty of topology identification. To improve the accuracy of topology identification, this paper proposes a
distribution network topology identification method based on a deep learning framework that combines Self-Organizing
Maps (SOM) and Convolutional Neural Networks (CNN), taking into account the structure and operational
characteristics of distribution networks. This method first uses Principal Component Analysis (PCA) to reduce the
dimensionality of high-dimensional voltage magnitude and active power data. It then employs SOM to extract data
features and transform them into a two-dimensional feature map. Finally, CNN is used to learn the mapping between
the input features and topology labels, enabling accurate identification of the distribution network topology. The
effectiveness of the proposed method is validated through simulation experiments on 33-, 69-, and 123-bus distribution
network cases. Compared to other methods, this approach demonstrates significant advantages in terms of identification
accuracy and robustness.

Key words: distribution network system; topology identification; data driven; deep learning; convolutional neural

network

(FTAESH . F4H)


https://doi.org/10.1109/5.58325
https://doi.org/10.1109/5.58325
https://doi.org/10.3390/fi12070119
https://doi.org/10.1109/61.19265
https://doi.org/10.1109/61.19265
https://doi.org/10.1109/61.25627
https://doi.org/10.1039/B918972F

	1 拓扑辨识模型和原理
	1.1 配电网模型
	1.2 深度神经网络
	1.2.1 自组织映射
	1.2.2 卷积神经网络


	2 拓扑辨识的深度学习框架
	2.1 数据标准化
	2.2 主成分分析
	2.3 基于SOM的特征提取
	2.4 CNN拓扑学习模型
	2.5 算法流程与框架

	3 数值仿真
	3.1 测试系统设置
	3.2 超参数优化
	3.3 拓扑辨识结果
	3.3.1 准确率
	3.3.2 训练和预测时间
	3.3.3 不同噪声水平下的拓扑辨识
	3.3.4 缺值实验


	4 结束语
	参考文献

