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ABSTRACT

As individual and group users actively use drones, the risks (Intrusion, Information leakage, and Sircraft crashes and so
on) in no-fly zones are also increasing. Therefore, it is necessary to build a system that can detect drones intruding into the
no-fly zone. General acoustic drone detection researches do not derive location-independent performance by directly learning
drone sound including environmental noise in a deep learning model to overcome environmental noise. In this paper, we
propose a drone detection system that collects sounds including environmental noise, and detects drones by removing noise
from target sound. After removing environmental noise from the collected sound, the proposed system predicts the drone
sound using Mel spectrogram and CNN deep learning. As a result, It is confirmed that the drone detection performance,
which was weak due to unstudied environmental noises, can be improved by more than 7%.

Keywords: Acoustic Drone Detection, Noise Cancellation, Noise Reduction, Mel Spectrogram, Convolutional Neural Network
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Fig. 1. Acoustic drone detection process with environmental noise reduction
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Table 2. Layer summary of CNN model

Output Param/
Layer (type) Shape Activation
Conv2D_1 127,54,16 80/ReLU
MaxPooling_1 63,27,16 0/-
dropout_1 63.27.16 0/-
Conv2D_2 62,26,32 2080/ReLLU
MaxPooling 2 31,13,32 0/-
dropout,_2 31,13,32 0/-
Conv2D_3 30,12,64 8256/ReLU
MaxPooling 3 15,6,64 0/-
dropout,_3 15,6,64 0/-
Conv2D_4 14,5,128 32896/ReLU
MaxPooling 4 7.2.128 0/-
dropout_4 7.2.128 0/-
Global Ayerage 128 0/-
Pooling
Dense 2 258/Softmax

Total params: 43,570
Trainable params: 43,570
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