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Comparison of Time Series Data Anomaly Detection Models and
Utilization of Digital Twins
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Abstract

This paper applies time series data collected directly from a 6-axis industrial manipulator to LSTM-AE, AER, and
TadGAN models, comparing their performance in detecting point, shapelet, and trend anomalies. Experimental results
show that the AER model achieved recall rates of 0.75 for point anomalies and 0.64 for trend anomalies, while
LSTM-AE and TadGAN models recorded a recall rate of 1.0 for shapelet anomalies. Additionally, this paper used
Isaac-Sim, a robot simulation software, to construct a digital twin environment that performs identical operations to a
real-world manipulator. Data collected from both virtual and real environments were then compared and analyzed.
Through Pearson and Spearman correlation analyses, high similarity between the two datasets was confirmed, thereby
validating the effectiveness of the digital twin environment.
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