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Abstract

In-depth analysis and mining of power big data is crucial to the construction of new power systems and
ensure the efficient, safe and stable operation of power grids. Especially in the two key fields of power load
prediction and anomaly detection, the research progress is directly related to the optimal operation and fault
prevention ability of power system. This thesis concentrates on the research of power load forecasting and
anomaly detection methodologies, achieving the following principal research outcomes:

(1) This thesis proposes a hybrid convolution-multilayer perceptron network combined with random
sampling recombination strategy to predict user electricity consumption. For the non-stationary and nonlinear
user power data, the traditional time-step successive input method is difficult to effectively mine the deep
time series characteristics. To this end, this thesis introduces a random sampling recombination strategy,
which randomly splits the original time series into multiple segments and recombines them, thus enhancing
the diversity of data and the extractability of time series features. In the feature extraction stage, the
convolution operation is first used to capture the fine local features from the reorganized time series data,
which helps to identify complex patterns. Subsequently, a multi-layer perceptron is employed to capture the
global features of the entire time series. Through the above feature extraction and fusion steps, the accurate
prediction of user electricity consumption is finally realized. The experimental results show that the proposed
method shows significant advantages in prediction accuracy, and the MAE of the four prediction lengths is
increased by 1.69%, 1.28%, 3.58% and 4.59%, respectively.

(2) This thesis solves the problem of class imbalance in the electricity data set, and proposes an improved
hybrid convolution-multilayer perceptron network method for power load anomaly detection. Firstly, in view
of the significant imbalance between normal users and abnormal users in the electricity data, a hybrid
resampling method combining undersampling and oversampling is proposed to optimize the sample
distribution and improve the training effect of the model. Subsequently, the improved hybrid convolution-
multilayer perceptron network is used to reconstruct the processed data. On this basis, an abnormal score
module is designed to convert the reconstruction results into specific abnormal scores, which can be used to
quantitatively evaluate the abnormal behavior of users. Finally, detailed experimental verification is carried
out. The experimental results show that the AUC value of the proposed method is 0.9867.

(3) To facilitate the intuitive understanding of user electricity consumption by power company staff, this
thesis designs and implements a cloud-based load management platform that integrates core functional
modules including data management, task scheduling, and data visualization. Specifically, the data
management module employs Doris for distributed storage and processing of power load data, ensuring
efficient management and consistency maintenance of large-scale datasets. The task scheduling module

utilizes DolphinScheduler, an advanced data synchronization and orchestration tool, to support the parallel



execution of complex tasks, thereby optimizing resource allocation and workflow automation. For data
visualization, Apache Superset is employed to transform intricate data analysis outcomes into readily
comprehensible visual representations, such as charts and dashboards, enabling decision-makers to swiftly
identify critical trends and anomalies. In summary, the cloud-based load management platform developed in
this thesis significantly enhances the power company's capability to understand and control user electricity
consumption. Furthermore, it provides robust technical support for the intelligent management and optimized
operation of the power system. This thesis lays a solid foundation for innovative applications within the
power industry under the context of big data environments, offering both theoretical insights and practical
advancements.

Key words: forecasting; anomaly detection; cloud computing; electric power load
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