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Featured Application

This work provides a cost-effective acoustic recognition method for protecting critical power
infrastructure, including substations and overhead transmission lines, against unauthorized
UAV intrusions.

Abstract

Background: The acoustic recognition accuracy of Unmanned Aerial Vehicles (UAVs) is
severely degraded by strong gas discharge noise in power substations and overhead trans-
mission lines. Methods: This paper proposes a UAV acoustic recognition method based on
adaptive time—frequency denoising and multichannel feature fusion. The method integrates
adaptive Wiener filtering with time—frequency masking techniques, employs a six-channel
microphone array for collaborative noise reduction, and constructs a CNN-LSTM hybrid
deep learning model for UAV type recognition. Results: Experimental results demonstrate
that the two-stage denoising achieves a signal-to-noise ratio (SNR) improvement of 19.08 dB
and a spectral fidelity of 0.89. Under extreme noise conditions at —10 dB SNR, the proposed
method achieves 87.4% recognition accuracy, representing a 23.7% improvement over the
traditional MFCC-SVM method and a 12.3% improvement over single-stage denoising
strategies. In unknown environments, the recognition accuracy remains at 87-91%, ex-
hibiting strong robustness and generalization ability. Conclusions: The proposed method
effectively mitigates strong discharge noise interference and provides a reliable acoustic
recognition solution for UAV intrusion detection in power facilities.

Keywords: UAV acoustic recognition; gas discharge noise; hierarchical denoising; adaptive
Wiener filtering; time—frequency masking; CNN-LSTM

1. Introduction

With the rapid development of UAV technology, UAVs have been widely applied in
power inspection, agricultural plant protection, logistics delivery, and other fields [1,2].
Unauthorized UAV intrusions into critical power facilities such as substations and overhead
transmission lines occur frequently, posing serious threats to the safe operation of power
grids [3]. Therefore, developing effective UAV monitoring and early-warning technologies
is of significant practical importance.
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Acoustic monitoring has become an important means of UAV detection due to its
advantages of low cost, strong concealment, and immunity to lighting conditions [4,5].
In power-facility environments, gas discharge noise such as corona-discharge noise and
spark discharge noise severely restrict the performance of acoustic monitoring systems [6].
This noise exhibits both wideband stationary noise and random impulsive characteristics,
covering the main frequency bands of UAV rotor noise. Under extreme conditions, the
SNR can be as low as —10 dB, leading to a dramatic decline in recognition accuracy of
traditional methods.

Existing UAV acoustic recognition methods mainly include traditional Mel-frequency
cepstral coefficient (MFCC)-based methods [7] and deep learning-based methods [8].
MFCC-SVM/HMM methods have been widely applied, but MFCC features show poor
robustness in high-noise environments [9]. In terms of deep learning, CNNs can extract
spatial features from mel-spectrograms [10,11], LSTMs can model temporal dynamics of
acoustic signals [12], and CNN-LSTM hybrid architectures perform well in audio clas-
sification [13]. Attention mechanisms can automatically learn feature importance and
improve discriminative ability [14]. However, existing research primarily targets clean or
moderate noise conditions, and the performance under extremely low-SNR conditions still
needs improvement [15].

In acoustic denoising, multichannel microphone arrays achieve noise reduction
through spatial filtering [16,17], and multichannel averaging can provide SNR gain [18].
Wiener filters are optimal linear filters under the minimum mean-square error crite-
rion [19,20], and time-frequency masking can effectively suppress high-energy noise
components [21,22]. Single-stage denoising methods struggle to simultaneously handle
wideband characteristics and random impulsive features [23]. Multimodal fusion can im-
prove detection performance [24,25], but deployment complexity is relatively high [26,27].

However, robust UAV acoustic recognition in gas discharge noise environments re-
mains insufficiently investigated. Unlike ordinary ambient noise, gas discharge noise
around power facilities contains both broadband quasi-stationary components caused
mainly by corona-discharge and intermittent impulsive components caused mainly by
spark discharge. These noise components overlap with UAV rotor harmonics in the time—
frequency domain and may severely mask the acoustic signatures used for recognition.
Existing UAV acoustic recognition methods are usually evaluated under clean, ordinary
environmental, or moderately noisy conditions, and their robustness under extremely
low-SNR gas discharge interference is still limited. Therefore, the research gap addressed in
this paper is the lack of a robust UAV acoustic recognition framework specifically designed
for strong gas discharge noise environments around power facilities.

From an engineering perspective, this problem is relevant because unauthorized UAV
intrusions near substations and overhead transmission lines may threaten the safe operation
of power infrastructure. Acoustic monitoring provides a low-cost and passive detection
solution, but its effectiveness depends strongly on whether the recognition model can resist
gas discharge noise. This motivates the proposed adaptive time—frequency denoising and
multichannel feature fusion framework.

To address these issues, this paper proposes a UAV acoustic recognition method that
integrates adaptive time—frequency denoising with multichannel feature collaboration,
suppressing gas discharge noise through hierarchical denoising to achieve high-precision
recognition under extremely low-SNR conditions.
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2. Materials and Methods
2.1. Gas Discharge Noise Generation Mechanism

The generation mechanism of gas discharge noise can be summarized into electro-
magnetic vibration, thermal expansion, and plasma oscillation mechanisms. Gas discharge
in power facilities mainly includes two forms: Corona discharge and spark discharge.
Corona-discharge generates ion wind propagating at subsonic speeds, producing contin-
uous noise. Spark discharge generates shock waves propagating at supersonic speeds,
producing impulsive noise.

To characterize the gas discharge noise considered in this study, corona-discharge
noise was measured in a laboratory setup simulating the terminal of the same high-voltage
conductor line under different applied voltages. Specifically, the noise spectra shown in
Figure 1 were obtained under 8 kV, 14 kV, and 17 kV applied-voltage conditions. Therefore,
Figure 1 is based on our own laboratory measurements rather than an external reference.
The figure is used to illustrate the spectral characteristics of corona-discharge acoustic
interference under different voltage levels and its relevance to UAV acoustic recognition
near power facilities.
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Figure 1. Measured spectra of corona-discharge noise.

As shown in Figure 1, the spectral distributions of corona-discharge noise differ signif-
icantly under different applied voltages. With the increase in applied voltage, the discharge
state and acoustic radiation characteristics change, resulting in noticeable differences in
spectral energy distribution. This indicates that gas discharge noise in power-facility en-
vironments is not a fixed background interference, but varies with operating voltage and
discharge intensity. Such voltage-dependent spectral variation may overlap with UAV
rotor acoustic components and mask useful recognition features. Therefore, single-stage
time-domain or frequency-domain denoising methods may be insufficient, and a joint
time—frequency analysis with hierarchical denoising is required.

Furthermore, the voltage-dependent spectral differences indicate that the discharge
noise characteristics are closely related to the discharge state, which increases the variability
of acoustic interference in practical power-facility environments.
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2.2. Adaptive Wiener Filtering

Adaptive Wiener filtering is adopted as the first denoising stage because it provides an
optimal linear estimation framework under the minimum mean-square error (MMSE) crite-
rion when the signal and noise power spectra can be estimated [19,20]. In the gas discharge
noise environment considered in this study, corona-discharge noise contains broadband
quasi-stationary components that can be suppressed by estimating the noise power spec-
trum and applying a frequency-dependent Wiener gain. Compared with overly aggressive
filtering, Wiener filtering can reduce background interference while preserving the har-
monic structure of UAV rotor sounds. However, Wiener filtering alone is insufficient for
intermittent impulsive components caused by spark discharge. Therefore, time—frequency
masking is introduced as the second denoising stage to suppress localized high-energy
impulses, forming a complementary two-stage denoising framework.

Step 1: Time-Frequency Transform

Short-time Fourier transform is performed on the i-th channel signal x;(t) to convert it
to the time—frequency domain:

Xi(f.1) :/+°° xi(T)w(t — t)e P dr )

—00

where T is the integration dummy variable and w(-) is the Hanning window with a window
length of 512 samples and hop length of 256 samples.

Step 2: Noise Power Spectrum Estimation
Assuming the first T, frames do not contain the target signal, the noise power

spectral density estimation is

1 j}ru me 1

Pu(f) | Xi(f k)12 2)

B Tfmme k=0
where Ty, denotes the number of initial frames used for noise power spectrum estimation
and is set to 10 in this study.

Step 3: Signal Power Spectrum Estimation

The Minimum Controlled Recursive Averaging (MCRA) method is adopted to update
the signal power spectral density:

pS(f/t) :“spS(f/t_l) + (1 —as) Xi(frt)lz 3)

where «; is the smoothing factor, set to 0.98.
Step 4: Wiener Gain Function Calculation

Based on the estimated power spectral density, calculate the time-frequency Wiener
gain function:

P (f,1)
Hi(f,t) =m—F%— 4)
R TR AT
To avoid excessive attenuation, a gain lower bound constraint is introduced:
B (f,1) >
H; S =max| =———5——, H,,; 5
(1) = max( s Ho ®)

where H,,;, is the gain lower bound threshold, and is set to 0.1 in this paper.

Step 5: Time-Frequency Filtering
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Apply the Wiener gain function to the time—frequency representation:

Yi(f,t) = Xi(f,t) - Hi(f,t) (6)

Step 6: Signal Reconstruction

Reconstruct the enhanced time-domain signal through inverse short-time Fourier
transform (ISTFT):
xj(t)= ISTFT[Y;(f,t)] 7)

2.3. Time-Frequency Masking

Time—frequency masking is a time—frequency domain denoising method based on
energy thresholds, leveraging energy distribution differences to achieve selective suppres-
sion [21]. Under gas discharge noise environments, reasonable energy thresholds can
effectively identify and suppress high-energy discharge noise regions while preserving
UAV target signal time-frequency components. This paper combines time—frequency mask-
ing with adaptive Wiener filtering to form a two-layer denoising architecture, achieving
collaborative suppression of wideband background noise and impulse noise. The specific
implementation steps are as follows:

First, perform STFT on the enhanced signal after Wiener filtering to convert it to the
time—frequency domain:

X{(f,t) = STFT[xj(t)] 8)

where x/(t) denotes the time-domain signal of the i-th channel after adaptive Wiener
filtering enhancement, and X/(f,t) represents the time-frequency domain complex coeffi-
cients obtained by applying the short-time Fourier transform (STFT) to x/(t) . The STFT
parameters remain consistent with those defined previously, utilizing a Hanning window
with a window length of 512 points and a frame shift of 256 points, ensuring algorithmic
consistency throughout the process.

Then, construct a binary time—frequency masking matrix based on logarithmic energy
in the time—frequency domain:

Mr(f,t) =I[log|X; (f,1) | < Tenergy (f)] ©)

where Mrr(f,t) is the binary time—frequency masking matrix; I[-] is the indicator function;
Tenergy(f) is the frequency-dependent energy threshold.
Determine the energy threshold using the percentile method:

Tenergy(f) = percentile(log|Xi(f,:) |, p) (10)

where X/(f,:) denotes the sequence of time—frequency coefficient magnitudes across all
time frames at a fixed frequency f, and log| X/(f,:)| represents the corresponding one-
dimensional sequence of logarithmic energy values for all frames at that frequency. The
function percentile(-,p) is a percentile calculation operator used to determine the p-th per-
centile value of the sequence as the frequency-dependent energy threshold. In this paper,
the percentile coefficient p = 95, verified as optimal through ablation experiments.
Finally, apply the constructed time-frequency masking matrix to the time—frequency
domain coefficients:
xj (t) = ISTFTX](f,t) -Mr¢(f, 1)) (11)

where X!(f,t) -Mrp(f,t) denotes the element-wise masking operation on the time-
frequency coefficients, and x (t) represents the final enhanced time-domain signal of
the i-th channel after the two-stage denoising process incorporating Wiener filtering and
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time—frequency masking. The inverse short-time Fourier transform (ISTFT) parameters are
consistent with the STFT parameters defined previously, ensuring distortion-free recon-
struction of the time-domain signal.

2.4. Multichannel Signal Processing

To improve UAV recognition signal-to-noise ratio (SNR) and accuracy, this study
employs a six-element microphone array synchronous acquisition method.

Step 1: Multichannel Averaging Processing

Assume the signal received by each channel is
xi(t) =s(t) +n;(t),i=1,2,...,N (12)

where x;(t) is the acquired time-domain noisy signal of the i-th channel, s(t) is the UAV
source signal, and 1;(t) is the noise component of the i-th channel.
The signal after multichannel averaging is

1

N 1 N
Xapg(t) =15+ L xi(H)=s(t) + - L ni(t) (13)
N 5 =

N

1

where X404 (t) is the averaged time-domain signal of the 6 microphone channels, and N is
the number of microphone channels (N = 6 in this paper).

Step 2: Channel Synchronization Calibration

Due to distance differences between the six-microphone array and UAV acoustic
source, the cross-correlation method is used to synchronize and calibrate the 6 channels:

T; = arg max Ro;(t) =arg max_ [ xo(t) -x;(t + T)dt (14)

where 7; is the time delay of the i-th channel relative to the reference channel (channel
0), arg max_(-) denotes the function that finds the value of T maximizing the argument,
Rpi(T) is the cross-correlation function between the reference channel signal and the i-th
channel signal, x(t) is the time-domain signal of the reference channel, and x;(t + 7) is
the shifted signal of the i-th channel.

Based on the calculated time delay T;, time alignment is performed on the signal of
each channel, with the alignment formula expressed as

xi(t) :xi(H- T1) (15)

where x;(t) denotes the time-domain signal of the i-th channel after time alignment, and
xj(t+1;) on the right-hand side of the equation represents the original signal of the i-th
channel shifted by 7; along the time axis. Through this operation, all channel signals are
synchronized with the reference channel, eliminating the effect of time delays caused by
distance differences.

It should be noted that the six-channel configuration is an engineering design adopted
in this study rather than a strict mathematical requirement for the recognition model. The
CNN-LSTM classifier can operate on acoustic features extracted from fewer channels, but
the multichannel array provides spatial diversity and SNR improvement through synchro-
nization and averaging. For synchronized averaging with approximately uncorrelated
channel noise, the theoretical array gain can be roughly estimated as 10log;,(N) , where
N is the number of microphones. Accordingly, three, four, six, and eight microphones
correspond to approximate gains of 4.8 dB, 6.0 dB, 7.8 dB, and 9.0 dB, respectively. Increas-
ing the number of microphones can improve spatial diversity and noise averaging, but it
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also increases hardware cost, calibration difficulty, synchronization error accumulation,
and deployment size. Conversely, using only one or two microphones reduces system
complexity but loses most of the multichannel averaging gain and weakens robustness to
local discharge noise and placement variation.

From a practical perspective, one microphone is sufficient only for single-channel
acoustic classification after denoising, whereas at least three to four microphones are
preferable for useful multichannel enhancement because they provide basic spatial diversity
and a theoretical gain of approximately 4.8-6.0 dB. The six-microphone circular array used
in this study provides about 1.8 dB additional theoretical gain over a four-microphone
configuration while avoiding the limited marginal benefit and higher deployment burden
of larger arrays such as eight or more microphones. The six-channel configuration was
selected as an engineering compromise among denoising performance, synchronization
reliability, hardware cost, array size, and field deployment convenience.

2.5. Mel-Spectrogram Calculation

The UAV noise samples after multichannel preprocessing remain time-domain signals,
which cannot be directly utilized for feature learning in the UAV recognition model. There-
fore, this paper employs the mel-spectrogram for feature extraction. The core objective is to
transform time-domain signals into time—frequency representations that better describe
the spectral and temporal characteristics of UAV acoustic signals, thereby emphasizing
critical frequency information of UAV flight noise and improving robustness to noise in-
terference [11,12]. The mel-spectrogram feature extraction process for sampled signals is
described as follows.

The mel-spectrogram was selected because it preserves two-dimensional time—
frequency structures while emphasizing perceptually and physically relevant low-
frequency components. UAV rotor sounds usually contain fundamental frequencies, har-
monic ridges, and temporal modulation patterns. Compared with MFCCs, which compress
the spectral envelope into cepstral coefficients, mel-spectrograms retain richer local time—
frequency textures for CNN-based spatial feature extraction and sequential patterns for
LSTM-based temporal modeling. This representation is therefore suitable for the proposed
CNN-LSTM framework, in which the CNN branch extracts local frequency-energy patterns
and the LSTM branch models the temporal evolution of UAV acoustic features.

In addition, logarithmic compression and normalization are applied to the mel-
spectrogram to reduce the influence of amplitude variation and improve the stability
of model training under different SNR conditions. Therefore, mel-spectrogram features
provide a balanced representation between acoustic interpretability, robustness, and com-
patibility with deep learning models.

Step 1: Mel Scale Conversion

The core formulas for converting between Mel scale and linear frequency are as follows:

Mel(f) = 2595 - logyo(1+ 5) (16)
f=700- (1055 —1) (17)

where f denotes the linear frequency, and Mel(f) represents the corresponding Mel scale
value for frequency f.

Step 2: Mel Filter Bank Construction
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This paper constructs M triangular filters on the Mel scale. First, the maximum Mel
value corresponding to the highest frequency is calculated:

Mel(fax) = 2595 - logo(1+ ) (18)

where fqy is the highest sampling frequency.
Subsequently, the Mel-scale center frequencies are converted to linear frequencies:

fu =700- (1055 —1),m=1,2,...,M (19)

where f, is the linear center frequency of the m-th Mel filter, and Mel(m) is its correspond-
ing Mel scale value.
Next, the weight of the m-th filter at the k-th frequency bin is calculated:
Plo ) if oy < i < fn

m*fmfl ’

Hun(fi) = {20508, if o < fi < fun (20)
0, otherwise

where f} is the center frequency of the k-th frequency bin, and f,,_1 and f;,41 are the linear
center frequencies of the adjacent filters, respectively.

Step 3: Mel-Spectrogram Calculation and Preprocessing

This paper adopts a 2048-point Fast Fourier Transform (FFT) to compute the mel-
spectrogram, perform logarithmic compression, and apply normalization. The steps are
as follows:

First, the mel-spectrogram is calculated:

M(m, 1) = & [X(fo )12 - Hu(fe) 1)

where ’X( fi,t) 12 represents the energy spectrum of the k-th frequency bin at time ¢.
Second, logarithmic compression is performed using the following formula:

Musg(m, ) = log(1+ - M(m, 1)) 22

where 7 = 1 is the compression coefficient, and M;yg(m,t) is the compressed energy value.
Finally, the compressed features are normalized to eliminate the influence of different
dimensions and improve the stability of model training. The normalization formula is

Miorm(m,t) = Miog (mt) —pt (23)

g

where My (m,t) is the logarithmic compressed mel-spectrogram energy value, y is the
mean of all mel-spectrogram features in the training set, and ¢ is the standard deviation
of all mel-spectrogram features in the training set. These statistics are obtained from the
training set to ensure that the normalized features follow a distribution with zero mean
and unit variance.

2.6. CNN-LSTM Hybrid Network

CNNs extract spatial features and bidirectional Long Short-Term Memory (Bi-
LSTM) model temporal relationships. Hybrid architectures have demonstrated excellent
performance in acoustic recognition [12,13]. Attention mechanisms can emphasize key
features and improve discriminative ability [14]. This paper adopts a CNN-LSTM hybrid
network for UAV noise identification based on mel-spectrogram features. The CNN branch
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extracts spatial features from the mel-spectrogram, the LSTM branch models temporal fea-
tures, and the attention mechanism enhances key features. Finally, the classifier completes
the UAV type recognition. The specific workflow and core parameters are as follows:

2.6.1. CNN Branch

The CNN branch is responsible for extracting spatial features from the normalized
mel-spectrogram Mor(m,t) , such as frequency distribution and energy aggregation
characteristics. The network structure is shown in Table 1. The parameters and functional
descriptions of each layer are as follows:

Table 1. CNN network structure.

Layer Input Kernel Output Activation
Conv Block 1 1 x 128 x 251 64 x3x3 64 x 64 x 125 ReLU
Max Pooling 64 x 64 x 125 2x2 64 x 64 x 125 -
Conv Block2 64 x 64 x 125 128 x 3 x 3 128 x 32 x 62 ReLU
Max Pooling 128 x 32 x 62 2x2 128 x 32 x 62 -
Conv Block3 128 x 32 x 62 256 x 3 x 3 256 x 16 x 31 ReLU
Max Pooling 256 x 16 x 31 2x2 256 x 16 x 31 -

As shown in Table 1, the input dimension “1 x 128 x 251” corresponds to the mel-
spectrogram feature dimensions, with 1 channel, 128 mel bins, and 251 time steps. The
kernel parameter “64 x 3 x 3” indicates 64 convolutional kernels of size 3 x 3 for extracting
local spatial features. The ReLU activation function introduces non-linearity to enhance
the network’s expressive ability. The max pooling layer preserves critical features, reduces
dimensionality, and decreases computational complexity. The CNN branch finally outputs
a 256 x 16 x 31 spatial feature map, which is flattened and fed into the LSTM branch.

2.6.2. LSTM Branch

The LSTM branch is responsible for modeling the temporal correlation of mel-
spectrogram features. A bidirectional LSTM structure is adopted, which can simultaneously
capture forward and reverse temporal features of sequential signals. The two hidden layers
enhance deep temporal feature extraction, and dropout layers are used to prevent overfit-
ting. Finally, the temporal feature sequence at each time step is output to provide input for
the attention mechanism. The specific parameters are shown in Table 2.

Table 2. Core LSTM parameters.

Key Parameter Parameter Value/Description

Network Type Bidirectional LSTM
Input Size (batch, 31, 4096) (batch size x time steps x feature dimensions)
Hidden Layer Size 256 (number of neurons in a single LSTM unit)

Number of Layers
Dropout Coefficient
Output Size

2 layers (enhances deep temporal feature extraction)
0.3 (prevents overfitting)
(batch, 31, 512) (forward 256-dim + backward 256-dim)

As shown in Table 2, the LSTM branch receives the flattened features (4096 dimen-
sions) output from the CNN branch, which are reorganized into a temporal feature sequence
according to time steps. The input dimension is (batch, 31, 4096), where batch is the training
batch size; 31 is the number of time steps, consistent with the time dimension of the mel-
spectrogram; and 4096 is the feature dimension of each time step, obtained by flattening
the 256 x 16 output of the CNN branch.
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2.6.3. Attention Mechanism

An attention mechanism is introduced to assign different weights to the temporal
feature sequence generated by the LSTM branch, thereby emphasizing time step features
that are critical for UAV recognition and suppressing irrelevant features. The specific
calculation process is as follows:

Step 1: Attention Weight Calculation
o = softmax(W - hy + D) (24)

where a; is the attention weight at the t-th time step, satisfying Y_I_; a; = 1. W is the weight
matrix, b is the bias vector, I is the output feature of the LSTM branch at the ¢-th time step
(512 dimensions); and the softmax(-) function normalizes the weights to the [0, 1] interval
to achieve weight assignment.

Step 2: Context Vector Calculation
T
C = Z oy - ht (25)
=1

where c is the context vector output by the attention mechanism, representing the weighted
sum of temporal features across all time steps. T = 31 is the number of time steps, consistent
with the LSTM input time steps. a; - h; is the weighted value of features at the t-th time
step. The context vector ¢ synthesizes key information from temporal features and is input
to the subsequent classifier to complete recognition.

As described above, the attention weight of features at each time step is calculated to
assign higher weights to time step features critical for UAV recognition while suppress-
ing interference from irrelevant features. The context vector obtained through weighted
summation achieves effective fusion of temporal features, improving subsequent classifica-
tion accuracy.

2.6.4. Classifier and Training Parameters

The classifier adopts a fully connected layer structure, mapping the context vector c
output from the attention mechanism to UAV type probabilities. The key parameters are
shown in Table 3.

Table 3. Classifier core parameters.

Key Parameter Parameter Value/Description
Network Structure FC1(512—256) — FC2(256—128) — FC3(128—8)
Activation Function FC1/FC2: ReLU; FC3: softmax (outputs class probabilities)
Dropout Coefficient FC1: 0.5; FC2: 0.3 (prevents overfitting)

As described in Table 3, the classifier receives the 512-dimensional context vector
output from the attention mechanism, and gradually compresses the feature dimension
through 3 fully connected layers. The ReLU activation function maintains non-linear
expression, and dropout layers further suppress overfitting. Finally, the softmax activation
function maps features to the probability distribution of various UAV types, where the type
with the maximum probability is recognized as the UAV.

During network training, the cross-entropy loss function is used to measure the
difference between model predictions and true labels. Network parameters are updated
through the Adam optimizer to minimize the loss function, ensuring model convergence
and improving recognition accuracy. Reasonable learning rate and weight decay are set to
balance training speed and model generalization ability.

https:/ /doi.org/10.3390/app16136465
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2.7. Parameter Setting and Sensitivity Discussion

The proposed framework contains several key hyperparameters in the denoising,
feature extraction, and classification stages. These parameters were fixed after offline
selection and were not manually adjusted for individual test samples. Table 4 summarizes
the main hyperparameter settings used in this study.

Table 4. Key hyperparameter settings used in the proposed framework.

Parameter Value Used Role
STFT window /hop 512/256 Time—-frequency resolution
Initial noise frames 10 Noise PSD estimation
MCRA smoothing factor 0.98 PSD smoothing
Wiener gain floor 0.1 Avoid over-suppression

. . Impulse suppression

Masking percentile 95 threshold
Mel FFT length 2048 Mel-spectrogram
Mel bins 128 Feature resolution
Dropout 0.3/0.5 Overfitting control

As shown in Table 4, these hyperparameters mainly affect the balance between noise
suppression and UAV acoustic feature preservation. The denoising STFT window and hop
length determine the tradeoff between frequency resolution and time localization. A larger
window can improve harmonic resolution but may weaken the localization of impulsive
discharge noise, whereas a smaller window can capture impulses more effectively but may
reduce the resolution of UAV harmonic structures. The number of initial noise frames
affects the stability of noise power spectral density estimation. Too few frames may lead
to unstable estimation, while too many frames may include UAV components and cause
over-suppression.

The MCRA smoothing factor controls the update speed of the signal power spectrum.
A lower smoothing factor responds faster to noise variation but may distort stable UAV
harmonic components, whereas a higher value improves stability but reduces adaptability.
The Wiener gain floor is introduced to avoid excessive attenuation. If the gain floor is
too low, useful UAV acoustic components may be removed; if it is too high, residual gas
discharge noise may remain. The masking percentile controls the suppression of high-
energy impulsive components. A lower threshold may remove useful UAV features, while
a higher threshold may leave impulse interference.

For feature extraction, the 2048-point FFT and 128 mel bins provide sufficient frequency
resolution while keeping the model input size manageable. The dropout rates in the LSTM
and fully connected layers are used to reduce overfitting under the available dataset scale.

Overall, the selected parameter values were used as a fixed configuration to maintain
stable performance under different SNR conditions without manual adjustment during testing.

After the offline parameter setting stage, the complete recognition pipeline operates
automatically for each input sample. Specifically, the system automatically performs
multichannel synchronization, noise power spectrum estimation, adaptive Wiener gain
calculation, time—frequency masking, mel-spectrogram extraction, and CNN-LSTM classifi-
cation. Therefore, the proposed method does not require manual parameter adjustment
during the testing or inference stage. Nevertheless, the current implementation still uses
fixed empirical parameters determined before deployment. In practical environments
with rapidly changing discharge intensity or unseen noise types, fully adaptive threshold
learning and online parameter optimization may further improve autonomy.
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2.8. Overall Algorithm Flow

The overall implementation flow of the UAV acoustic recognition algorithm proposed
in this paper is shown in Figure 2, which includes four main stages: signal acquisition and
preprocessing, noise reduction processing, feature extraction, and model inference.

6-channel audio Channel synchronization
acquisition and calibration

|

Time-frequency Adaptive Wiener Bandpass filtering
masking A filtering
4
Multi-channel Mel-spectrogram
averaging g extraction

Model inference
completed?

Yes
3

‘ CNN-LSTM ’

classification

A

Application of attention
mechanism

£ A

Output of UAV type and confidence score Softmax
classification

Figure 2. Audio signal processing flowchart.

As shown in Figure 2, the overall algorithm of the UAV acoustic recognition system
proposed in this paper consists of five main stages: signal acquisition, signal preprocessing,
noise reduction processing, feature extraction, and model inference. The Wiener filtering,
time—frequency masking, and multichannel averaging methods can significantly improve
the signal-to-noise ratio (SNR) of UAV audio signals, while the CNN-LSTM hybrid network
can enhance the recognition accuracy under low-SNR conditions.

3. Experimental Results
3.1. Experimental Conditions

The experiments used six quadcopters, one hexacopter, and one octocopter for testing.
Table 5 shows the structural parameters of each UAV. UAVs 1-6 were, in sequence, the
Phantom 4, Mavic 2 Pro, Inspire 1, Faith 2, R500 RTK, and ZD550 quadrotor drones. Their
manufacturers were DJI (Shenzhen, China), DJI (Shenzhen, China), DJI (Shenzhen, China),
CFLYAI (Shenzhen, China), WALKERA (GuangZhou, China), and YH (Dongguan, China),
respectively. UAV 7 was the LONGXIANG (Wuhan, China) F550 hexacopter drone, and
UAYV 8 was the DJI (Shenzhen, China) Spreading Wings 51000 octocopter drone.
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Table 5. Structural parameters of UAVs.

Model Rotor Number Size

UAV 1 4 350 mm
UAV 2 4 355 mm
UAV 3 4 559 mm
UAV 4 4 280 mm
UAV 5 4 460 mm
UAV 6 4 552 mm
UAV 7 6 560 mm
UAV 8 8 1045 mm

The experiments employed a YD-6 six-channel microphone array (YUNDEA, Shen-
zhen, China) to collect UAV noise signals. The microphones were arranged in a circular
array with a radius of 30 cm and element spacing of 15 cm. The software environment was
built on Ubuntu 20.04 LTS with PyTorch 2.0.1 (CUDA 11.8) as the deep learning framework.

Three experimental scenarios are designed to evaluate the performance of the proposed
method. Scenario 1 is a low-noise environment with background noise < 30 dB, used for
collecting baseline data. Scenario 2 is a high-voltage laboratory, simulating power-facility
environments to test anti-interference robustness. Scenario 3 is a mixed environment
containing wind noise and other interferences, used to verify the recognition effectiveness
under complex environmental conditions.

Therefore, the evaluation is not limited to low-noise or low-variability noise conditions.
The low-noise scenario is used only as a baseline for comparison, whereas the high-voltage
laboratory scenario is designed to represent gas discharge interference in power-facility en-
vironments. The mixed environment further introduces wind noise and other background
interferences to examine the robustness of the method under more variable acoustic condi-
tions. In addition, five SNR levels from +10 dB to —10 dB are used to simulate different
noise intensities, including extremely low-SNR conditions.

3.2. Data Scale

For each UAV model, 100 audio clips were collected under each SNR condition,
each clip lasting 5 s, with a total of 2400 samples. They were divided into a training set
(1920 samples), validation set (240 samples), and test set (240 samples) at an 80%, 10%, 10%
ratio. Five SNR conditions were set: —10, —5, 0, +5, +10 dB.

Although this dataset is sufficient for validating the proposed framework under the
designed experimental conditions, we acknowledge that a larger dataset would further
strengthen the generality of the conclusions. Future studies will include more UAV types,
more flight states, longer recordings, and more real power-facility noise conditions to
further evaluate the generalization ability of the proposed method.

3.3. Evaluation Metrics

Denoising effectiveness is comprehensively compared through SNR difference, spec-
tral fidelity, and Perceptual Evaluation of Speech Quality (PESQ) scores. Recognition
performance is evaluated through accuracy, precision, recall, F1 score, and confusion ma-
trix. Five benchmark methods including MFCC-SVM, MFCC-HMM, CNN-ResNet, LSTM,
and CRNN were selected as baseline methods.

3.4. Denoising Performance
3.4.1. SNR Improvement

Figure 3 presents the comparison of noise reduction effects under different SNR condi-
tions. As shown in the figure, the proposed two-layer noise reduction method achieves an
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SNR improvement of 12.3 dB, which is significantly higher than single-layer Wiener filter-
ing (6.8 dB), time—frequency masking (7.5 dB), and band-pass filtering (3.2 dB). The spectral
fidelity reaches 0.89, avoiding speech distortion caused by noise reduction; the PESQ score
reaches 2.87, representing a 57.69% improvement compared to the original signal.
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Figure 3. Comparison of noise reduction effects.

Figure 4 illustrates the progressive noise reduction process from the original signal
contaminated by gas discharge noise to the final enhanced signal. (a) Original signal
at —10 dB SNR, showing significant impulse interference and high background noise
levels. (b) Adaptive Wiener filtering, in which impulse noise is partially suppressed and
background noise is reduced. (c) Time—frequency masking processing, in which random
impulses are effectively removed. (d) Two-layer noise reduction processing, in which
the signal is further smoothed. Using the pure UAV signal as a reference, the proposed
two-layer noise reduction method achieves a high impulse noise suppression ratio and
signal detail retention rate.

As shown in Figures 3 and 4, the SNR improvement of two-layer noise reduction
far exceeds single methods. Compared with band-pass filtering, Wiener filtering, and
time—frequency masking, the SNR improvements are 9.1 dB, 5.5 dB, and 4.8 dB, respectively.
The spectral fidelity is also the highest, with the PESQ score increasing from 1.82 to 2.87.

The proposed two-layer denoising method achieves a 12.3 dB SNR improvement,
which is significantly higher than that achieved with single-layer Wiener filtering (6.8 dB),
time—frequency masking (7.5 dB), and band-pass filtering (3.2 dB). Spectral fidelity reaches
0.89, avoiding speech distortion caused by denoising; the PESQ score reaches 2.87, a 57.69%
improvement over the original signal.
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Figure 4. Signal processing results. (a) Raw signal with gas discharge noise; (b) adaptive Wiener
filtering; (c) time—frequency masking; (d) two-stage denoising.
3.4.2. Analysis of the Noise Reduction Process
Table 6 shows the noise reduction process metrics. The results indicate that single
non-linear noise reduction methods such as Wiener filtering and time—frequency masking
cannot solve the problem of core feature loss of the signal. With increasing noise reduction
intensity, the signal time-domain energy, spectral peak, and harmonic structure all exhibit
varying degrees of loss. Time-frequency masking even causes damage to the harmonic
structure, failing to simultaneously meet the dual requirements of deep noise reduction
and high feature fidelity.
Table 6. Noise reduction process metrics.
Processing Stage Time-Domain Spectral Peak Harmonic Structure
§ >tag Energy Ratio Retention Rate Integrity
Original Signal 1.000 100% Complete
After Band-Pass Filtering 0.872 92% Complete
After Wiener Filtering 0.654 88% Complete
After Time-Frequency Masking 0.583 85% Slight Damage
After Two-Layer Noise Reduction 0.567 90% Restored

In UAV noise recognition scenarios, it is necessary to not only improve the signal
SNR through deep noise reduction but also completely preserve core recognition features
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such as signal spectrum and harmonics. The two-layer noise reduction method proposed
in this paper adapts to this core requirement, providing high-quality input features for
subsequent recognition models and effectively improving the accuracy and robustness of
the recognition model.

3.5. Recognition Performance
3.5.1. Recognition Accuracy Under Different SNR Conditions
The recognition performance of the proposed method is evaluated under five SNR

conditions ranging from +10 dB to —10 dB. Figure 5 presents the recognition accuracy data
under different SNR conditions.

100 —
* A
| B
2 90 * * S
é - * O
3 s
8 80 |
3
§ [ A o)
§70F B
= 5
= A O  MFCC-SWM (%)
§, 60 8] o [J CNN-ResNet (%)
@ > LSTM (%)
A CRNN (%)
50 *  Proposed Method (%)
O
40 I° o it e e of dr fp fe @ Gl oA G S W0 e M fe G St
-10 -5

0
SNR Condition (dB)

Figure 5. Comparison of recognition accuracy.

The data in Figure 5 shows that the proposed method achieves the best performance
under all SNR conditions. Under ideal conditions at +10 dB, the accuracy of the proposed
method reaches 97.2%, which is 2.1% higher than CRNN, the method with the highest
recognition rate among other approaches. As SNR decreases, the performance of tradi-
tional methods and deep learning baselines drops sharply, while the proposed method
maintains high accuracy. Under extremely low-SNR conditions at —10 dB, the accuracy
of the proposed method is 87.4%, far exceeding other recognition methods. Compared
with MFCC-SVM, it improves by 43.7 percentage points, and compared with CRNN, the
method with the highest recognition rate, it improves by 23.7 percentage points.

3.5.2. Robustness Analysis Across SNR Levels

The recognition accuracy drop rate when the SNR condition changes from +10 dB to
—10 dB is shown in Table 7. The data in Table 7 indicate that the drop rate of the proposed
method is only 9.8%, which is lower than the 31-49% observed for other methods [12,15].
The above results demonstrate that the proposed method has good robustness in strong
noise environments.

Table 7. Recognition accuracy drop rate.

Method Drop Rate from +10 dB to —10 dB
MFCC-SVM —48.8%
CNN-ResNet —35.4%

LSTM —36.1%

CRNN —31.4%

Proposed Method —9.8%
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3.6. Ablation Study

To evaluate the performance contribution of each core component in the proposed
method and verify the effectiveness and synergistic gain of the hybrid network architecture
and each noise reduction module, systematic ablation experiments were conducted under
extremely low-SNR conditions of —10 dB. Using UAV type recognition accuracy as the
core evaluation metric, the experimental results are shown in Figure 6. Here, BPM denotes
band-pass filtering method, WF denotes Wiener filtering method, and TFM denotes time—
frequency masking method.

90
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L CN p
CNN +LSTM

+LST|\/| +TFM
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I +BPM
80 T 5
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Figure 6. Ablation experimental results.

The data in Figure 6 indicates that the CNN-LSTM hybrid architecture outperforms
single CNN or LSTM methods, demonstrating synergistic effects between spatial feature
extraction and temporal modeling in target recognition. Compared with the CNN+LSTM
method without noise reduction, band-pass filtering improves recognition accuracy by
3.7%, the Wiener filtering method improves it by 6.3%, and the time—frequency masking
method improves by 6.9%. Furthermore, the proposed two-layer noise reduction method
outperforms single-stage noise reduction strategies, achieving a 2.7% higher recognition
accuracy than Wiener filtering, 2.1% higher than time—frequency masking, and 5.3% higher
than band-pass filtering (82.1%). The above results demonstrate that the proposed two-
layer noise reduction strategy has a synergistic gain effect, which can deeply suppress
noise while maximally preserving the core recognition features of UAV signals, ultimately
achieving optimal recognition performance under extremely low-SNR scenarios.

3.7. UAV Category Recognition Performance

To evaluate the fine-grained recognition ability of the proposed method for different
types of UAVs, precision, recall, and Fl-score are used as core evaluation metrics for
classification tasks. Quantitative testing and analysis of the recognition performance for
eight types of typical UAVs are conducted under full SNR conditions. The results of each
metric for recognition performance of each UAV type are shown in Table 8.

From the overall test results, the proposed method achieves an average precision of
88.4%, average recall of 86.8%, and average Fl-score of 0.876 in the fine-grained recognition
task for eight UAV types, demonstrating excellent overall recognition performance.
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Table 8. UAV type recognition metrics.
UAV Type Precision Recall F1-Score
UAV 1 89.2% 87.5% 0.883
UAV 2 91.5% 89.7% 0.906
UAV 3 87.3% 85.8% 0.865
UAV 4 85.7% 84.2% 0.849
UAV 5 88.9% 87.1% 0.880
UAV 6 86.4% 85.0% 0.857
UAV 7 90.1% 88.6% 0.893
UAV 8 87.8% 86.3% 0.870
Average 88.4% 86.8% 0.876

From the differential characteristics of single-model recognition performance, there
are certain distribution differences in recognition performance among UAVs with dif-
ferent structures and purposes. The proposed method maintains approximately 90%
high-precision recognition for most UAV models, with only slight performance degrada-
tion on complex multi-rotor structure models such as six-rotor (UAV 7) and eight-rotor
(UAV 8) models. However, it still fully meets the application requirements of UAV type
recognition in scenarios such as actual transmission line inspection.

3.8. Confusion Matrix Analysis

To reveal the category recognition characteristics and misclassification patterns of the
model, full-category recognition confusion matrix analysis is conducted under the —10 dB
SNR test scenario. The 2D heatmap is shown in Figure 7, and specific experimental data
from the confusion matrix analysis are presented in Table 9.
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True Model
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UAV1

UAV1 UAV2 UAV3 UAV4 UAV5 UAV6 UAV7 UAV8 E
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Figure 7. Confusion matrix heatmap.

The confusion matrix heatmap in Figure 7 shows the classification results for eight
UAV categories. The diagonal values represent the correct classification ratio, ranging from
84.2% (UAV 4) to 89.7% (UAV 3).

As shown in Table 9, the diagonal elements represent the correct classification ratios
for each UAV category under the —10 dB SNR condition. The values on the diagonal range
from 0.842 to 0.897, indicating that the proposed method maintains stable classification
performance even under strong gas discharge noise. The off-diagonal elements represent
misclassification ratios between different UAV categories. Most off-diagonal values remain
low, suggesting that only limited confusion occurs among the eight UAV types. Relatively
higher misclassification ratios mainly appear between acoustically similar UAVs, which
may have comparable rotor numbers, sizes, or harmonic structures. This result further
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demonstrates that the proposed denoising and CNN-LSTM recognition framework can
preserve discriminative acoustic features under extremely low-SNR conditions.

Table 9. Confusion matrix of eight UAV categories under the —10 dB SNR condition. Rows indicate
true UAV categories, columns indicate predicted UAV categories, diagonal values indicate correct
classification ratios, and off-diagonal values indicate misclassification ratios.

Types UAV 1 UAV 2 UAV 3 UAV 4 UAV 5 UAV 6 UAV 7 UAV 8
UAV 1 0.875 0.021 0.015 0.008 0.012 0.009 0.010 0.050
UAV 2 0.018 0.888 0.012 0.007 0.010 0.008 0.015 0.042
UAV 3 0.012 0.010 0.897 0.015 0.009 0.007 0.012 0.038
UAV 4 0.008 0.007 0.012 0.842 0.010 0.015 0.009 0.097
UAV 5 0.010 0.009 0.008 0.012 0.871 0.010 0.008 0.072
UAV 6 0.009 0.008 0.007 0.010 0.012 0.850 0.010 0.094
UAV 7 0.010 0.012 0.009 0.008 0.007 0.010 0.886 0.058
UAV 8 0.012 0.010 0.008 0.015 0.010 0.012 0.010 0.863

3.9. Scenario Generalization Ability

To verify the generalization ability and scenario robustness of the proposed method
in different practical application environments, cross-scenario generalization tests are
conducted in three typical scenarios: an outdoor environment, indoor environment, and
new environment with random noise perturbations. Using recognition accuracy as the core
evaluation metric, the recognition stability of the model under non-training distribution
scenarios is quantitatively assessed [28,29]. The results are shown in Table 10.

Table 10. Cross-scenario generalization results.

Test Scenario Recognition Accuracy Accuracy Change
Laboratory Scenario 87.4% -
Outdoor Environment 89.7% +2.3%
Indoor Environment 91.3% +4.0%
New Environment 87.8% +0.4%

As can be seen from Table 10, the proposed method achieves a recognition accuracy of
87.4% under the training scenario. In completely new, unknown environments that did
not participate in training, the model still maintains a high accuracy of 87.8%, showing no
significant performance degradation compared with the laboratory scenario. In two typical
open environments, indoor and outdoor, recognition accuracy further increases to 91.3%
and 89.7%, representing improvements of 4.0% and 2.3%, respectively.

Overall, in various unseen environments, the model recognition accuracy remains
stable within the 87-91% range without significant performance degradation, fully demon-
strating that the proposed two-layer noise reduction and CNN-LSTM hybrid recognition
method can effectively suppress environmental noise and background interference, pos-
sessing excellent cross-scenario generalization ability, strong scenario robustness, and
engineering practical value.

4. Discussion

The aforementioned experimental data analysis demonstrates that in scenarios with
strong gas discharge noise from electrical facilities, the performance of traditional iden-
tification methods exhibits significant shortcomings, while the proposed method in this
paper demonstrates excellent anti-noise capability and identification performance. The
traditional MFCC-SVM method is severely affected by gas discharge noise and shows
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limited identification accuracy under strong noise conditions, making it difficult to meet
practical monitoring requirements. In contrast, the method proposed in this paper achieves
an identification accuracy of 87.4% under the same extreme noise environment, with a
significant performance improvement, effectively solving the core problem of identification
performance degradation under strong noise conditions.

For the unique gas discharge noise in electrical power sites, this paper designs a two-
layer denoising method combining adaptive Wiener filtering and time—frequency masking,
achieving an optimal balance between targeted denoising and feature preservation. Among
them, Wiener filtering can accurately suppress stationary background noise, effectively
preserving the harmonic structure of UAV acoustic signals and avoiding feature distortion
caused by excessive denoising. Time-frequency masking can specifically remove random
pulse interference, maintain the temporal continuity of acoustic signals, and compensate
for the deficiency of single Wiener filtering in suppressing pulse noise and the limited effect
of a single masking method in processing stationary noise. The aforementioned signal
processing methods provide an effective technical path for low-cost and high-reliability
UAYV acoustic monitoring at electrical power sites.

The computational complexity and practical tradeoff of the proposed method are
further discussed as follows.

The computational complexity and practical tradeoff of the proposed method are
further discussed as follows. The computational cost of the proposed framework is mainly
introduced by multichannel STFT/ISTFT, adaptive Wiener gain estimation, time—frequency
masking, mel-spectrogram extraction, and CNN-LSTM inference. The CNN-LSTM clas-
sifier is more computationally complex than traditional MFCC-SVM methods because it
jointly models local time—frequency patterns and temporal dependencies. However, this
additional cost is introduced to improve recognition robustness under extremely low-SNR
conditions. The experimental results show that, at —10 dB SNR, the proposed method
achieves substantially higher recognition accuracy than traditional and single-stage baseline
methods. Therefore, the method represents a tradeoff between computational complex-
ity and robustness, which is acceptable for power-facility monitoring scenarios where
recognition reliability is prioritized.

From the performance comparison across the full signal-to-noise ratio range, the
proposed method outperforms other existing similar models under all tested signal-to-
noise ratios, and the performance advantage becomes more significant as the SNR decreases.
Among them, under the strong noise condition of —10 dB, the proposed method improves
accuracy by 23.7 percentage points compared with current methods. From the perspective
of performance stability, the accuracy decline rate of the proposed method from +10 dB
to —10 dB is only 9.8%, far lower than the 31-49% decline rate of traditional methods,
indicating that this method has extremely strong adaptability to changes in noise intensity
and can stably adapt to complex environments with large fluctuations in noise intensity
at electrical power sites. Cross-scenario generalization experiments further verify the
engineering applicability of the method. In outdoor, indoor, and entirely new unknown
environments that did not participate in training, the model identification accuracy remains
stable at 87-91%, effectively avoiding the problem of repeated model training for different
electrical scenarios and reducing engineering deployment costs.

It should be emphasized that the evaluation in this study is not limited to low-noise
or low-variability noise conditions. The low-noise scenario is used only as a baseline
for comparison. In contrast, the high-voltage laboratory scenario is designed to simulate
gas discharge interference in power-facility environments, and the mixed environment
introduces wind noise and other background interferences to examine the robustness of the
proposed method under more variable acoustic conditions. In addition, the experiments
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cover five SNR levels from +10 dB to —10 dB, including the extremely low-SNR condition
of —10 dB. The cross-scenario tests in outdoor, indoor, and new environments with random
noise perturbations further indicate that the evaluation includes unseen and variable
acoustic conditions rather than only low-noise cases.

In summary, the core advantages of the proposed method can be summarized into
the following three aspects. First, the anti-noise robustness is prominent. Through two-
layer denoising and multichannel collaborative enhancement, it effectively suppresses
gas discharge noise interference at electrical power sites, maintaining high identification
accuracy even in extreme strong noise environments. Second, the identification accuracy
is excellent, outperforming existing benchmark methods across the full signal-to-noise
ratio range, especially with significant performance improvement in strong noise scenarios,
enabling accurate recognition of different UAV models. Third, the generalization capability
is strong, with stable performance in cross-scenario and cross-model tests, adapting to
diverse monitoring environments and UAV types at electrical power sites.

Regarding the model architecture, Transformer- and Conformer-based architectures,
as well as more specialized convolutional neural networks, are promising alternatives
for acoustic recognition. However, these models usually require larger labeled datasets
and higher computational resources to fully exploit their modeling capacity and to avoid
overfitting. In the present study, the dataset scale is limited, and the main objective is to
verify the effectiveness of adaptive time—frequency denoising and multichannel feature
fusion under strong gas discharge noise. Therefore, a CNN-LSTM architecture was selected
to balance local time—frequency feature extraction, temporal dependency modeling, and
deployment feasibility. The CNN branch extracts local frequency-energy patterns from
mel-spectrograms, while the Bi-LSTM branch models the temporal evolution of UAV
acoustic features. In addition, CNN-ResNet, LSTM, and CRNN baselines were included
for comparison. Lightweight Transformer, Conformer, or more specialized acoustic CNN
architectures will be considered in future work after larger-scale data are available.

Although the proposed method has achieved good results in UAV acoustic identi-
fication under gas discharge noise environments of electrical facilities, there are still the
following limitations combined with practical engineering application requirements. First,
it has a certain dependence on prior information. In complex scenarios with dynamically
changing noise types and severe fluctuations in discharge intensity, prior information is
difficult to obtain accurately, affecting the adaptive capability of the method. Second, the
generalization range is limited. Currently, the method is mainly optimized for common
corona-discharge and spark discharge noise at electrical power sites, with insufficient adapt-
ability to extreme discharge types such as arc discharge, and the identification performance
for unseen niche UAV models needs improvement. These issues will be addressed in
subsequent research through adaptive threshold learning and online noise estimation to
reduce dependence on manually set prior information, and enhance model generalization
capability through data augmentation, further expanding the applicable scenarios of the
method and promoting its engineering implementation and large-scale application in UAV
monitoring of electrical facilities.

5. Conclusions

This paper addresses the engineering challenge of UAV acoustic recognition perfor-
mance degradation caused by strong gas discharge noise around power facilities. The core
conclusions are as follows:

Corona-discharge wideband stationary noise and spark discharge random impulse
noise in high-voltage power transmission and transformation sites overlap in frequency
bands with UAV operation noise. The laboratory spectra measured under 8 kV, 14 kV, and
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17 kV applied-voltage conditions show voltage-dependent acoustic energy distributions
over the 0-20 kHz frequency range. These discharge components can mask UAV rotor
harmonic features and destroy the temporal continuity of UAV acoustic signals, thereby
making UAV acoustic feature extraction difficult.

A two-stage denoising and multichannel collaborative signal processing method
adapted to power sites has been constructed. Through adaptive Wiener filtering to suppress
stationary background noise and time-frequency masking to remove random impulse
interference, the method achieves efficient denoising while preserving the integrity and
fidelity of UAV acoustic features. Quantitatively, the denoising module achieves a 12.3 dB
SNR improvement, a spectral fidelity score of 0.89, and a PESQ score of 2.87, indicating
that useful acoustic features can be retained while strong discharge noise is reduced.

A CNN-LSTM hybrid recognition model integrated with an attention mechanism has
been proposed, which balances spatial and temporal feature extraction. Across five SNR
levels from +10 dB to —10 dB, the proposed method maintains stable recognition perfor-
mance. Under the extremely low-SNR condition of —10 dB, it achieves 87.4% recognition
accuracy, and the accuracy decline from +10 dB to —10 dB is only 9.8%, much lower than
the 31-49% decline observed for baseline methods.

The proposed method contributes to acoustics by combining adaptive time—frequency
denoising, multichannel feature fusion, and deep temporal-spatial modeling for robust
recognition under severe nonstationary noise. It also contributes to aerospace and power in-
frastructure applications by providing a passive, low-cost, and deployable acoustic monitoring
solution for UAV intrusion detection around substations and overhead transmission lines.
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