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Power Plant Turbine Blade Anomaly Detection using Deep
Neural Network-based Object Detection
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Abstract Due to the increase in the demand for anomaly detection according to the ageing
of power generation facilities, the need for developing an anomaly detection method that can
provide high-reliability turbine blade anomaly detection performance has been continuously
raised. Additionally, the false detection results caused by a human error accelerates the
increase of the need. In this paper, we propose an anomaly detection technique for turbine
blades in power plants using deep neural networks. Experimental results prove that the
proposed technique achieves stable anomaly detection performance while minimizing human
factor intervention.
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Fig. 1. An example of power turbine blade structure and its nondestructive inspection.
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Fig. 2. Visualization of meaningful signal detection
through object detection model. The areas marked
by the red boxes indicates the localization results of
the detection results.
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