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Abstract: Peripheral facial paralysis is a common clinical disease that is mostly acute. It is necessary to accurately
grasp the patient's onset status in order to determine the best time for treatment. Existing facial paralysis treatments mostly
rely on doctors' intuitive judgments of patients' clinical symptoms. This paper proposes to study current deep learning-based
anomaly detection methods, and apply generative adversarial networks for anomaly detection (GANomaly) to facial paralysis
images, so that recognition and classification of normal faces and facial paralysis ones are realized. It provides auxiliary
tools for doctors to diagnose, which effectively improve the efficiency of diagnosis and make up for the shortcomings of
existing methods. The trained GANomaly network can effectively distinguish the anomalies of facial paralysis images. The
experimental results show that the GANomaly network based on deep learning can effectively realize the diagnosis and
recognition of facial paralysis.
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