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Abstract

With the development of IT technology, computer-related crimes are rapidly increasing, and in recent
years, the damage to ransomware infections is increasing rapidly at home and abroad. Conventional
security solutions are not sufficient to prevent ransomware infections, and to prevent threats such as
malware and ransomware that are evolving, a combination of deep learning technologies is needed to
detect abnormal behavior and abnormal symptoms. In this paper, a method is proposed to detect user
abnormal behavior using CNN-LSTM model and various deep learning models. Among the proposed
models, CNN-LSTM model detects user abnormal behavior with 99% accuracy.
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