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B Z2RE-FATHIEHBHWIERIER L EA 2-38F T 4L (extrinsic Fabry-Perot interferome-
ter based on optical fiber, EFPI) 7 % & %, 4 & % #4% £ M %4 ( convolutional neural networks, CNN )
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Detection and recognition of multiple types of small rotary-wing drones based on
optical fiber EFPI acoustic sensor

DING Rou', ZHAO Qichao’, WANG Haogi', YANG Lin’, REN Hongzhao’,
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(1. College of Information and Communication Engineering, Harbin Engineering University, Harbin 150001, China;
2. Shanghai Electro-Mechanical Engineering Institute, Shanghai 201109, China; 3. Center for Composite Materials and
Structures, Harbin Institute of Technology, Harbin 150080, China)

Abstract: An extrinsic Fabry-Perot interferometer (EFPI) acoustic sensor based on a graphene membrane was
proposed, combined with a cascade model of convolutional neural networks (CNN) and long short-term
memory networks (LSTM), for the detection and identification of various types of small rotorcraft drones.
Furthermore, a detailed analysis was conducted on the feature extraction, data acquisition device, and the
number of sound source categories involved in the experimental process. Through experimental comparison, it
was found that when the Mel frequency cepstral coefficient (MFCC) was used for feature extraction, the

recognition effect was significantly better than that of the short-time Fourier transform (STFT) and Mel
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spectrogram features. Moreover, the accuracy rate of using this sensor for small rotary-wing drones detection

and recognition is approximately 2% higher than that of an electrical microphone. In addition, the recognition

accuracy of the sound sources of various types of small rotary-wing drones is above 95.33%, which proves that

it can effectively detect and identify multiple types of drones.

Key words: fiber optic sensor; small rotary-wing drone; detection; recognition
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T BV pson
MFCC STFT MEL MFCC STFT MEL
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BELERLA
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P 99.51"1 9554 96.25
Recan 99.50'" 9529  96.03
Fiore  99.501 9528 96.03
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Table 2 Experimental indicators of electro-acoustic micro-

phone as acquisition device
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Fig. 9 Performance of CNN-LSTM network model in five-

class classification experiment
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Table 3 Evaluation indicators of five categorical experiment
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