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Anomaly Anomaly detection in multivariate time series data is
essential for various applications, including industry, medicine, and
urban management. However, quickly and accurately identifying
anomalies is challenging due to the absence of labels, complex
temporal and spatial relationships, and high-dimensional data.
Despite recent advances in deep learning, few methods can
effectively address these challenges. This article proposes a
transformer encoder that efficiently models temporal and spatial
complexity in high-dimensional data using self-supervised learning,
thereby eliminating the need for anomaly labels. A novel anomaly
score function has also been introduced to reduce false detections.
Extensive experiments on a benchmark dataset demonstrate that our
method surpasses state-of-the-art baselines in anomaly detection,
particularly for anomalous events, achieving a 5% improvement in

average composite F-score and a 15% reduction in training time.
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