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Research on Collaborative Optimization of Grey Wolf Optimization Algorithm and Generative
Adversarial Networks in Time Series Anomaly Detection
Yang Rui
Jining Normal University
[Abstract] With the advent of the big data era, time series data is widely present in various fields,
such as financial transactions, medical monitoring, industrial manufacturing, etc.In these
applications, time series anomaly detection has become a crucial task as it can detect abnormal
events in a timely manner, thereby preventing potential risks and losses.However, time series
data often has complexity and uncertainty, making anomaly detection tasks extremely challenging. To
address this challenge, researchers are constantly exploring new methods and algorithms to improve
the accuracy and efficiency of anomaly detection. We propose a collaborative optimization framework
based on grey wolf optimization algorithm and generative adversarial network for time series
anomaly detection tasks. In this framework, the grey wolf optimization algorithmis used tooptimize
key parameters in generative adversarial networks, such as network structure and weights, to improve
its ability to generate and discriminate time series data.Meanwhile, the generative adversarial
network is responsible for generating simulated time series data and using it to train anomaly
detection models. Through experimental verification, we have demonstrated the effectiveness of
the proposed framework in anomaly detection tasks.Compared with traditional anomaly detection
methods, our method can detect more abnormal events in a shorter time and has higher accuracy
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