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ABSTRACT
Drone noise is primarily generated from its rotating blades, providing plentiful information on the
condition of the drone. In the production line, the abnormal sound detection (ASD) system has shown
advantages, such as non contact, ease of deployment, and capability to locate the faulty products
at a relatively low cost. Therefore, this study aims to develop an abnormal drone noise detection
system (ADNDS) based on the microphone array and self-supervised learning. The microphone
array is a part of the data acquisition module that picks up the drone noise remotely. There are
eight microphones in the array that is constantly pin pointing to the direction of the drone in air by
beamforming. The acquired drone noise samples are extremely unbalanced, as abnormal samples
are difficult to collect. Hence, a self-supervised learning strategy is adopted by creating auxiliary
classification tasks to determine feature representations of the drone noise samples. With intentional
consideration to reduce the complexity, the trained deep learning model can be successfully deployed
on an embedded system with no graphics processing units (GPUs).
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1. INTRODUCTION

The drone, being small, portable and exquisite, can be easily manipulated. It has been widely used
in military, commercial and civilian fields, such as search and rescue, ground surveillance, collecting
data, package delivery, and agricultural applications [1–4]. With the increasing number of drones,
the incidences of drone crashes have shown a steady increase. When a drone is in the middle of a
mission, a malfunction crash not only disrupts the mission. It can also cause great economic loss for
the precision equipment attached to it or placed on the ground below it. Serious defects and incidences
may also cause major accidents. Resultantly, drone usage safety issues have necessarily received
extensive attention and research [5–7]. At present, the main reasons for the failure of drone functions
are structural defects, software failure, sensor failure, bad weather, and improper manipulation. The
current solution to prevent drone malfunction is to add sensing circuits and detection programs to the
drone, to forewarn abnormal situations. However, these practices will undoubtedly lead to an increase
in the weight and power consumption of the drone. This brings about new challenges to the design of
drones, as well as creating new problems when manipulating them.

When the drone is in operation, the rotating blades will produce a loud sound, which provides
plentiful information regarding the condition of the drone. Therefore, this paper proposes a non-
contact method to detect the anomaly states of the drone by analyzing the noise it emits. Figure
1 shows the photo of the ADNDS in a prototyping experiment. The proposed ADNDS adopts a
microphone array on the ground to capture the noise of the drone, avoiding any changes to the
structure of the drone. Moreover, the analysis of the drone noise is carried out by an external
processing unit that does not consume resources of the drone. The ADNDS is an application of
the abnormal sound detection (ASD) technique, where the mainstream choices of models are based
on deep learning [8]. As compared to conventional models, the deep learning model optimizes feature
representations by a data-driven training process.

A sufficiently large number of both normal and abnormal samples of the drone noise are necessary
in order to carry out the supervised training. However, the drone noise samples are distributed in a
very unbalanced manner. It is often much easier to collect normal samples and extremely costly to
obtain abnormal ones. Therefore, the ADNDS must adopt the self-supervised learning strategy by
creating auxiliary classification tasks [9,10]. External data sets are also included to assist the training
process, since the other types of sound samples are naturally counted as abnormal samples of the
drone noise. Lastly, with the consideration to reduce complexity, the trained model can be deployed
on an embedded system with no GPUs.

(a) (b)

Figure 1: (a) Photo and (b) illustration of a prototype of the ADNDS.



Figure 2: Block diagram of the ADNDS.

Figure 3: Deep learning model of the ADNDS.

2. ABNORMAL DRONE NOISE DETECTION SYSTEM

The block diagram of the ADNDS is shown in Figure 2. When the ADNDS is set up to detect the
status of a drone flying over a designated area, its microphone array is placed outside the designated
area and constantly follows the direction of the drone by beamforming [11]. The drone noise is
acquired and analyzed in real time. The acquisition is controlled by a digital signal processor (DSP),
where the beamforming algorithm and the short-time Fourier transform (STFT) are implemented. In
the development phase of the ADNDS, drone noise samples stored in the memory of the DSP are
uploaded to the cloud sever equipped with GPUs, in order for the deep learning model to be trained
by the self-supervised learning strategy.

The deep learning model of the ADNDS is a residual neural network (ResNet), as shown in
Figure 3. Previous studies have demonstrated that neural networks with residual connections are



Figure 4: Self-supervised learning strategy for the ADNDS.

Figure 5: Lab test procedure of the ADNDS.

able to learn more efficient feature representations, making them easier to capture complex feature
representations [12]. The residual connection also allows the gradient to be transmitted back to the
previous convolutional layer during the back propagation process by jumping and connecting different
convolutional layers, which effectively solves the gradient disappearance problem. More importantly,
the ResNet requires only a small number of parameters, resulting in a low computational complexity.
The structure of the convolution block is also shown in Figure 3. In each convolution block, there
are two convolution layers, two normalization layers, two activation function layers and one pooling
layer. Once the deep learning model of the ADNDS is trained, an embedded system is connected to
the DSP to estimate the status of the drone with no involvement of GPUs. In this case, the ADNDS
can be powered by a Lithium battery pack for over 8 hours.

2.1. Self-Supervised Learning Strategy
The drone noise samples are extremely unbalanced, because abnormal samples are difficult to

collect. In the situations when only normal samples are available in the data set, conventional
supervised learning strategies cannot function. Alternatively, the self-supervised learning strategy
introduces auxiliary tasks to accurately model the distribution of the normal samples in the feature
space specified by the auxiliary tasks [13]. The abnormal sample will exhibit a distinguishable
difference in the same feature space. In the ADNDS, the machine category classification task is
selected as an auxiliary task to achieve self-supervised learning, as shown in Figure 4.



Table 1: ResNet settings for the machine category classification.
Network layer Convolution kernel Pooling layer Number of channels

Convolutional layer-0 [3, 7] [1, 1] 16

Residual convolution block-1 [3, 3] [4, 4] 16

Residual convolution block-2 [3, 3] [2, 2] 32

Residual convolution block-3 [3, 3] [2, 2] 64

Residual convolution block-4 [3, 3] [2, 2] 64

Residual convolution block-5 [3, 3] [2, 2] 64

Residual convolution block-6 [3, 3] [1, 1] 64

Residual convolution block-7 [3, 3] [1, 1] 128

Residual convolution block-8 [3, 3] [1, 1] 128

Residual convolution block-9 [3, 3] [1, 1] 128

Table 2: Accuracy of the abnormal drone noise detection.
Test sample time length Test result (accuracy rate)

10s 95.7% (±2.9%)

60s 96.5% (±1.3%)

The ToyADMOS and MIMII data sets are adopted in addition to the on-site drone noise samples
collected by the ADNDS [14, 15]. Six types of machine sound samples are selected from the
ToyADMOS and MIMII data sets. They are the fan, valve, slide rail, pump, toy car and toy conveyor.
The drone noise samples provide the seventh type, i.e. the drone. The sampling rate of all the samples
is set to 48 kHz by re-sampling. The STFT spectrogram is calculated in the DSP with a 1024-point
hamming window and the hop size of 512, and the log-mel spectrum feature is further extracted by
a 128-order mel filter bank that covers the frequency range from 0 to 22.05 kHz. To alleviate the
sparsity of the machine category distribution, another "unknown" type of machine sound samples is
constructed by spectral distortion, which is realized on the log-mel spectrum by image distortion.
Furthermore, 64 consecutive frames are randomly selected from the original log-mel spectrum to
train a more robust model. The mixup method with a hyper-parameter of 1.0 is adopted for data
augmentation. The training loss is the binary cross-entropy loss function. The ResNet settings for
the machine category classification is presented in Table 1. The parameters of the convolution kernel
and the number of channels is applied to all the convolutions in the residual block.

2.2. Lab Test Result
After the training of the deep learning model with the self-supervised learning strategy, the

performance of the ADNDS is evaluated. A decision fusion method is used in the evaluation. When
the time length of the input audio feature is greater than 64 frames, the decision fusion method is
used to obtain the overall result. Specifically, the input audio feature is divided into a group of feature
vectors. Each of the feature vector consists of 64 frames, and are sent to the deep learning model
for evaluation. Finally, the evaluation results of all the feature vectors are averaged out to obtain the
overall anomaly detection result. The aforementioned lab test procedure is shown in Figure 5.

Table 2 shows the lab test results. The deep learning model can effectively detect the abnormality
in the drone noise. The accuracy of the abnormal drone noise detection result is higher than 95%. The
trained model shows adaptability to the drone noise samples of different time lengths. When there is
a longer drone noise sample, a higher accuracy is achieved. The same results can be obtained on the



cloud sever and a low-cost embedded system such as a Raspberry Pi.

3. CONCLUSIONS

This paper presents a system-level solution to the safety issues of drones deployed over a
designated area. The drone noise is used to identify abnormalities of the drone when it is in flight.
The proposed ADNDS uses a microphone array to collect the noise emitted by the drone remotely.
The beamforming algorithm is implemented on the DSP to track the drone in real time and calculate
the spectrogram that serves as the input to the deep learning model. The self-supervised learning
strategy enables the deep learning model to be trained with only normal drone noise samples. Lab
test results demonstrate a high accuracy of detecting the abnormal drone noise samples. Last but not
the least, the trained model can run on the embedded system with no GPUs. The cost and power
consumption of the ADNDS is greatly reduced.
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