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SUMMARY: Aiming at the problems of complex types of noise sources, prominent
low-frequency components, obvious acoustic vibration coupling and insufficient adaptability
of traditional noise reduction methods in power substation facilities, a noise source
localization and adaptive active noise reduction method based on multi-modal sensor fusion
was proposed. The system takes microphone array, acceleration sensor, infrared thermal
imager and operating state data as input, constructs the time-space synchronization and
feature fusion model of acoustic, vibration, thermal imaging and working condition
parameters, and combines TDOA constraints, sound pressure attenuation constraints and
equipment candidate region constraints to realize noise source spatial localization. On this
basis, the acoustic vibration and thermal multi-feature fusion recognition network and the
location-guided adaptive FXLMS control method are introduced to realize the noise source
recognition, three-dimensional coordinate estimation and active denoising of the target area.
The experiment was carried out based on 9600 groups of multi-modal samples. The results
show that the average positioning error of the complete model is 0.36 m, the recognition
accuracy is 94.1%, and the F1 value is 93.5%. The noise reduction reaches 14.6 dB, 12.8 dB
and 13.5 dB under low-frequency electromagnetic noise, broadband fan noise and structural
resonance noise, respectively. The results show that the proposed method can improve the
accuracy of noise source localization and the stability of active noise reduction in complex
substation scenes.

KEYWORDS: multi-modal sensor fusion; Power substation facilities; Noise source
localization; Adaptive active noise cancellation

1 Introduction

Substation facilities will produce continuous noise during operation, which mainly comes
from the main transformer, reactor, cooling fan, circuit breaker and metal structure parts and
other equipment. Such noise usually has the characteristics of prominent low-frequency
components, obvious acoustic vibration coupling, long propagation distance and strong
correlation between operating conditions, which are easy to affect the operation and
maintenance environment of the station area and the surrounding acoustic environment. With
the increasing number of urban substations, high-voltage electrical equipment and intensive
power facilities, the traditional management methods relying on manual inspection, single
point sound level monitoring and passive sound insulation barriers have been difficult to meet
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the needs of accurate identification, spatial positioning and dynamic noise reduction of noise
sources in complex sound fields. Therefore, it has become an important direction to construct
a multi-modal perception method that fuses acoustic, vibration, infrared thermal imaging and
operating state data, and further design an adaptive active noise reduction system.

In terms of noise mechanism and sound field modeling of power equipment, Petrovi¢ et al.
(2024) studied the analytical superposition method of coherent and non-coherent sound
pressure levels around transformers, which provided a theoretical basis for the calculation of
transformer noise propagation [1]. Petrovi¢ et al. (2025) further proposed the contribution
analysis method of acoustic vibration transmission path of transformers based on ESEA-FEM
hybrid method, indicating that structural vibration path has a significant impact on noise
radiation [2]. Basu and Piana (2025) studied the thermoacoustic co-design problem of
high-voltage electrical equipment protection space, and pointed out that noise control should
take into account equipment heat dissipation, ventilation conditions and operation safety [3].
These studies provide a basis for the analysis of noise characteristics of substation facilities,
but there is still room for further expansion of multi-source sensor data fusion, real-time
positioning and active control.

In terms of sound source localization and intelligent recognition, Jalayer et al. (2024)
proposed the ConvLSTM sound source localization method for acoustic spatiotemporal
feature modeling in industrial scenes, which improved the localization ability in complex
environments [4]. Kita et al. (2024) studied the sound source localization method inside the
structure based on Ac-CycleGAN, which enhanced the migration adaptability between
simulation data and measured data [5]. Kita and Kajikawa (2023) proposed a sound source
localization method inside a structure under semi-supervised conditions, which provided a
new solution for scenes with insufficient labeled samples [6]. Khan et al. (2025)
systematically reviewed the development of TDOA, DOA, beamforming and deep learning
sound source localization technologies, and pointed out that multi-array cooperation and
intelligent feature extraction in complex sound fields are important directions for improving
localization accuracy [7]. Jalayer et al. (2025) further summarized the application trend of
deep learning sound source localization methods in intelligent environments, emphasizing the
role of CNN, recurrent network and attention mechanism in acoustic spatial perception [8].
Lim et al. (2025) studied the performance improvement of distributed microphone array on
sound source localization [9], and Shokrollahi and Tamaddon (2025) proposed a
low-complexity and high-precision acoustic sensor array localization algorithm, which
provides a reference for real-time deployment at the edge end [11].

In terms of active noise control, Toyooka and Kajikawa (2025) proposed an active noise
control system with sound source localization capability, so that the control strategy can adapt
to the change of noise source position [15]. Ferrer et al. (2023) studied the stability evaluation
problem of the distributed FXLMS active noise control system, indicating that the
convergence stability of the multi-node control system directly affects the noise reduction
effect [16]. Garcia-Molla et al. (2025) proposed a selective cooperation mechanism in
distributed FXLMS system to reduce the communication and computation burden between
control nodes [17]. Sujbert (2024) studied the achievable suppression effect of active noise
control with multiple reference signals [18], and Nguyen et al. (2025) proposed the variable
step-size FXLMS algorithm to improve the adaptive ability of nonlinear feedforward active
noise control [20]. It can be seen that active noise reduction is developing from single
filtering control to multi-sensor cooperation, sound source localization guidance and dynamic
parameter update.

Based on the above research, this paper proposes the design idea of noise source
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localization and adaptive active noise cancellation system based on multi-modal sensor fusion
for complex noise environment of substation facilities. This study takes microphone array,
vibration sensor, thermal infrared camera and equipment operation data as input, and realizes
noise source category recognition and spatial coordinate estimation through heterogeneous
data preprocessing, spatio-temporal synchronization, cross-modal feature fusion and deep
learning localization model. On this basis, combined with FXLMS and variable step size
adaptive control algorithm, the control parameters are dynamically adjusted according to the
positioning results and residual sound pressure feedback, and the closed-loop technical
framework of "multi-modal perception-noise source location-active muffle-feedback
optimization™ is formed, which provides reference for the precise management and intelligent
operation and maintenance of substation facilities.

2 Multi-modal perception and fusion modeling of substation
facility noise

2.1 Analysis of noise source types and operation characteristics of
substation facilities

The noise sources of substation facilities have the characteristics of low frequency persistence,
acoustic vibration coupling and load correlation, and the acoustic radiation mechanism of
different equipment is different. The noise of the main transformer is mainly induced by the
magnetostriction of the core, the electromagnetic force fluctuation of the winding and the
vibration of the tank structure. The sound energy is concentrated near the power frequency
and its multiple frequency, and the sound pressure level fluctuates with the change of load
current, magnetic flux density and oil temperature. The noise of the reactor is obviously
affected by the periodic electromagnetic force and often manifests as narrowband low
frequency acoustic radiation. The noise of cooling fan is generated by blade rotation, airflow
disturbance and motor vibration, and its spectrum distribution is wide. Circuit breaker
operation noise has transient impact, high peak value but short duration. Metal bracket, bus
fixture and box shell are easy to form local resonance under the action of equipment vibration
transmission. Petrovi¢ et al. (2025) proposed to use the ESEA-FEM hybrid method to analyze
the contribution of acoustic vibration transmission path in transformers, indicating that
structural vibration path has an important impact on noise radiation [2]. Therefore, the noise
source state can be represented as a joint mapping of acoustic, vibration, temperature and
operating conditions:

N=f(A,V, T,Sp)+e (1)

where, A, is the sound pressure level, spectral peak and sound field distribution
characteristics,V, is the vibration amplitude, frequency band energy and structural response
characteristics, T, is the infrared temperature field characteristics,S; is the operating variables
such as load, current, voltage, oil and fan state,g, is the environmental background noise,
reflection reverberation and measurement error. The model can unify the device operation
excitation, structural response and acoustic output into the same analysis framework, which
provides the feature basis for the subsequent noise source localization and noise reduction
control. Muthalif et al. (2025) conducted research on multimodal disturbance detection and
localization based on vibration characteristics, which also showed that vibration modes can
effectively assist sound source discrimination and abnormal location recognition [14].
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2.2 Multi-modal sensor deployment and data acquisition system

The deployment of multi-modal sensors should focus on the requirements of noise source
identification, spatial positioning and active noise reduction control, and form a hierarchical
acquisition system of "equipment near-field perception - station sound field acquisition -
boundary noise monitoring”. The microphone array is arranged around the main transformer,
reactor, cooling fan and sensitive points of the station boundary to obtain multi-channel sound
pressure signals, time difference of arrival and spatial distribution of sound field. The
acceleration sensor is installed at the transformer box, the reactor bracket, the fan frame and
the metal connector to capture the structural vibration response. The infrared thermal imager
is used to identify the temperature rise state and local hot spots for the equipment housing,
radiator, casing and fan area. Temperature and humidity sensors are used to correct sound
speed and propagation attenuation. The SCADA interface is used to extract operating
variables such as load, current, voltage, oil and fan start and stop state. Kawamura et al. (2024)
studied the spatial characteristics of sub-arrays in a distributed microphone array, and showed
that the intra-array and inter-array characteristics can improve the recognition ability of
complex sound fields [13]. In the spatial modeling, let the ith microphone coordinate be
p,;=(xi,y,»z;) and the sound source coordinate be q=(x.y,z), then the theoretical time delay of

the sound wave arriving at the measurement point is as follows.

_lg-p;l
c
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T

Here, c is the air sound speed, and the time delay difference between measurement points
At;;=T;-1; can be used to construct the TDOA localization constraint. The multi-modal sensor
collection content and modeling purpose are shown in Table 1.

Table 1: Multimodal sensor collection content and modeling purpose

Sensor Type |Collection Object Main Features Modeling Purpose

Sound source localization

Sound pressure and sound field distribution

Microphone array SPL, spectrum, TDOA,

signals DOA L
estimation
Acceleration Equipment RMS, peak value, Identification of structural
sensor vibration frequency band energy vibration sources

Average temperature, hot
spot area, temperature
difference

Infrared thermal
imager

Determination of equipment

Temperature field operating state

Temperature and

Environmental

Temperature, humidity,

Compensation for sound

humidity sensor parameters sound speed correction propagation
. . Correlation modeling
SCADA module Oper_afung Load, current, voltage, ol between noise and operating
conditions temperature

conditions

Table 1 shows that instead of simply stacking sensors, the multimodal acquisition system
maps acoustic propagation, structural vibration, thermal state, and operating parameters into
the same noise diagnosis task. Sujbert (2025) studied the application of additional reference
signals in feedforward active noise control, and pointed out that the quality of reference
signals would affect the final suppression effect of the system [19]. Therefore, in this paper,

4
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the microphone array is used as the reference input for acoustic localization and denoising,
and the vibration signal and the running state signal are used as auxiliary reference sources to
improve the stability of noise identification and active control.

2.3 Heterogeneous data preprocessing and spatio-temporal
synchronization

Acoustic signals, vibration signals, infrared images and running state data have obvious
differences in sampling frequency, data structure and time scale. If they are directly input into
the model, it is easy to cause mode misalignment and feature distortion. Therefore, it is
necessary to establish a unified preprocessing and spatio-temporal synchronization
mechanism. The acoustic signal is first band-pass filtered, pre-weighted, framed and
windowing, and short-time Fourier transform is used to convert the original acoustic pressure
sequence into a time spectrogram:

X, (m.k)= zN:)xa (n)w(n-mH)ei2mkaN 3)

Here, xa(n) is the sound pressure signal, w(-) is the window function, H is the frame shift,
and m and k represent the time frame and frequency index, respectively. Structural response
features of vibration signals are extracted by detrending, wavelet packet decomposition and
frequency band energy calculation. The frequency band energy can be expressed as follows.

E= | Cj,1|2 (4)

Here,c;, are the wavelet packet coefficients of the JTH frequency band. Infrared images
need to complete equipment region segmentation, background removal and temperature
matrix normalization, and running state data are processed by outlier removal, missing value
imputation and standardization. Yasuda et al. (2025) proposed the localization and detection
method of acoustic events without spatial annotation, indicating that the localization
relationship can still be established through the characteristics of acoustic events under the
condition of insufficient spatial annotation [12], which has reference significance for the
difficulty of substation field data annotation. In time synchronization, a unified window At is
used to resample the multi-source data to form a fusion sample M,={A,,V,,T,,S,}. In space
synchronization, the microphone array, vibration measurement point and thermal image area
are unified into the same coordinate system through sensor coordinate calibration, 3D
coordinate modeling of the device and infrared field of view mapping. The final fusion feature
can be expressed as follows.

Fr:aaAr+aVVr+atTr+as SI' (5)

Here, o, a,, 0,0, are the adaptive weights of different modes, which are used to
characterize the contribution of each data source to noise source identification and
localization.
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3 Noise source localization and adaptive active denoising
method based on multimodal fusion

3.1 Construction of basic model for sound source spatial localization

The basic model of sound source spatial localization takes the multi-channel sound pressure
signals collected by the microphone array as input, and solves the spatial coordinates of the
noise source jointly by the time difference of arrival (TDOA), sound pressure attenuation and
the constraint of equipment candidate region. The main transformer, reactor, cooling fan and
metal structure parts in the substation facilities usually have fixed installation positions, so the
three-dimensional coordinate system can be established according to the station floor plan,
equipment geometric size and sensor calibration results. Suppose the coordinates of the ith
microphone are p.=(x;,y,,z;), the coordinates of the noise source to be located are q=(x,y,z),
and the sound speed is c, then the propagation time of the sound source to the measurement
point is:

Ilg-p. |
1= q pl 2 (6)

C
The inter-arrival time difference between any two microphones can be expressed as
follows.

Ig-p,l>-1 q-p; I,

Aty= (7)
C

In the actual calculation, the multi-channel sound pressure signal is firstly filtered by

bandpass filtering, framing-windowing and fast Fourier transform, and then the GCC-PHAT

method is used to estimate the time delay. Let the frequency domain forms of the ith and JTH

channel signals be X;(f), X;(f), and the cross-correlation function be as follows.
= Xi(0X; (D
« [XiOX{(D)

When the cross-correlation function achieves the maximum value, the estimated delay can
be obtained as follows.

Ri(1)= et df (8)

Z\tij: arg max R;i(7) )

In order to avoid positioning deviation caused by reflection sound, reverberation sound
and boundary noise, the equipment area in the substation facility can be used as a candidate
sound source constraint. Let the set of candidate regions be Q={Q;,Q,,....Qk},
corresponding to the main transformer, reactor, fan and structural components and other
possible noise source areas, then the sound source coordinates should meet g€ Q. On this
basis, a nonlinear least squares positioning model is constructed as follows.

_\2
g=arg g}lgrzl Zi . (Ilq—pillz—llq—pj ||2—cArij) (10)

<

Considering that the transformer noise has the characteristics of continuous propagation at



INGEGNERIA SISMICA — INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING

low frequency, it is easy to be affected by the long wavelength of low frequency and the
limited array aperture only relying on the time delay constraint, so the acoustic pressure
attenuation constraint is further introduced. Let the received sound pressure level of the ith
microphone be L;, and the distance between the sound source and the measurement point be

r;i=lq-p,l,. The theoretical sound pressure level can be approximately expressed as follows.

Li(q)=Lo-20log, , (1;)-Br; (11

Here, L, is the reference sound pressure level and [ is the propagation attenuation
coefficient. After combining the time delay error and the acoustic pressure attenuation error,
the positioning optimization function is as follows.

~ . — \? ~ 2
J=arg Elrélfrzl [Eiq (IIq-pillz-llq-pj ||2-cArij) +}»zi(Li-Li(q)) l (12)

Here, A is the acoustic pressure attenuation constraint weight, which is used to balance the
time delay information and the energy distribution information. The proposed model can take
array delay, acoustic pressure space attenuation and equipment installation area into the
solution process at the same time, and improve the positioning stability of substation facilities
in complex acoustic fields.

In the computer implementation, the edge computing unit reads the array data in a sliding
window manner, and each window completes signal caching, frequency domain
transformation, time delay estimation, candidate region screening and coordinate optimization.
Let the candidate coordinates output by the RTH window be . In order to weaken the
instantaneous interference, recursive smoothing can be used to obtain the final positioning
result:

q,+(1-v)q,, (13)

Here, v is the smoothing coefficient and q_, is the localization result of the previous

window. The sound source coordinates, time delay characteristics, sound pressure attenuation
characteristics and candidate device numbers output by the basic model can be used as spatial
priors for subsequent acoustic, vibration, infrared thermal imaging and running state data
fusion, and determine the target muffl area and speaker control direction for the adaptive
active muffl system.

3.2 Acoustic vibration and thermal multi-feature fusion recognition
method

The multi-feature fusion recognition method of acoustic vibration and thermal takes
spectrogram, vibration spectrogram, infrared thermal image and equipment running state data
as input, and realizes the joint recognition of noise source category, dominant frequency band
and abnormal state of substation facilities through feature coding, dimension alignment,
attention weighting and fusion discrimination. The acoustic signal is transformed by
short-time Fourier transform to form a spectrogram Xa, which is used to characterize the
distribution characteristics of noise energy with time and frequency. The vibration signal is
decomposed by wavelet packet or fast Fourier transform to form the vibration spectrum X,
which is used to describe the structural response of the equipment and the mechanical
vibration intensity. The infrared thermal image X, is used to reflect the surface temperature
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rise, hot spot area and heat dissipation anomaly of the equipment. The operation state data X
contains load, current, voltage, oil temperature, fan start and stop state and other working
condition variables. Different modal data are first sent to the corresponding encoder:

F,=E,(Xo), F.=E\(X,), F=E(Xy), F=E(X,) (14)

Here,E,(), E,(), E), E¢() denote the acoustic encoder, vibration encoder, thermal
image encoder and state data encoder, respectively. The convolutional neural network can be
used to extract the local time-frequency texture of the acoustic spectrogram and vibration
spectrogram, the lightweight CNN can be used to extract the thermal distribution
characteristics of the equipment for the infrared thermal image, and the nonlinear mapping of
the state data can be completed by the multi-layer perceptron. To ensure that the features of
different modalities can be calculated in the same space, they need to be unified into the
D-dimensional feature space by linear projection:

Fr=WnFuntbyn, mi{avts; (15)

Here,W,, and b, are learnable parameters, and F,, is the modal feature after dimension
alignment.

In the fusion process, the attention mechanism is introduced to calculate the contribution
weight of each modality to the current noise recognition task. Let the modal feature scoring
function be as follows.

e, =w! tanh ( WF,,+by) (16)
Then the weights of each modality can be obtained by Softmax normalization:

B exp(€m)
" Yk tavis) €Xp (ex)

(17)

Here, a,,a,, o, o represent the adaptive weights of acoustic, vibration, thermal imaging,
and state data, respectively. For low-frequency persistent noise such as main transformer and
reactor, acoustic features and vibration features usually have higher weights. For noise
fluctuations caused by starting and stopping of cooling fans, abnormal heat dissipation, or
load changes, the contributions of thermal imaging features and operating state features will
increase accordingly. The final fusion feature is expressed as follows.

F=a,F,+a,F,+o,F+osF (18)

After the fusion feature F is input into the classification and recognition network, the
noise source category, abnormal confidence and dominant frequency band can be output. Let
the set of noise source categories be C={c;,c,,...,cx}, the classification probability can be
expressed as follows.

F CkI K W.F+1
j=1 exp( ] j)

During model training, the noise source category identification loss, dominant frequency
band regression loss and modal weight regularization term are incorporated into the
optimization objective:

8
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L:Lcls+uLfreq+p z atzn (20)

m(1{a,v,t,s}

Here, L. is the cross-entropy classification loss,Lg,, is the prediction error of the
dominant frequency band, p and p are the weight coefficients. Through this method, the
model can not only identify noise sources from transformers, reactors, cooling fans or
structural components, but also determine which type of sensing information the current
identification results mainly rely on, thereby improving the interpretability and stability of
noise source identification in complex substation scenarios. Figure 1 shows the recognition
method of acoustic vibration and thermal multi-feature fusion.
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+ Signal quality assessment
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= Data flow T
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Figure 1: Acoustic vibration and thermal multi-feature fusion recognition method

3.3 Design of Deep Learning Noise Source Localization Network

The deep learning noise source localization network further completes the spatial coordinate
regression on the basis of the above fusion features. Its core task is not to perform modal
weighting again, but to convert the fused time-frequency, vibration, temperature and operating
state information into a computable sound source location. The overall network adopts the
structure of "feature input-spatial prior embedding-deep representation learning-multi-task
output”. The input receives the fused feature vector F, the initial coordinates q,=(xo,y,.Z)
output from the basic positioning model, and the candidate region code r of the device, and
combines them as the positioning feature:

Ho=[F.,q,.1] (21)

Here,H,, is the initial input of the positioning network, and r can use one-hot encoding to
represent candidate equipment areas such as main transformers, reactors, cooling fans, and
metal structural parts. In order to enhance the network's ability to express the nonlinear
propagation relationship in complex sound fields, the multi-layer residual fully connected
structure can be used for deep mapping:
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Hy, =H+¢(W,H,+b)) (22)

Here,H; represents the LTH hidden feature and ¢() is the ReLU or GELU activation
function. The residual connection can alleviate the gradient attenuation problem in the
training process of the multi-layer network, so that the sound pressure attenuation features,
vibration response features and spatial prior information can be stably transmitted in the deep
calculation.

At the positioning output, four branches are set up: coordinate regression, category
discrimination, dominant band estimation and confidence prediction. The coordinate
regression branch directly outputs the 3D position of the noise source:

qG=WH +b=(X.¥.2) (23)

Here,H; is the final hidden feature and § is the predicted coordinate. To avoid the
predicted points deviating from the actual device region, the candidate region constraint term
can be added to the training. Let Q, be the spatial region corresponding to the KTH device
and d(g,Q,) denote the shortest distance from the predicted coordinates to the region, then
the spatial constraint loss is as follows.

Leg=13-q15+md(d, ) (24)

Here, q is the true sound source coordinate and m is the spatial constraint weight. The
category branch outputs the noise source device type, the band branch predicts the dominant
frequency interval, and the confidence branch gives a reliability score based on the
localization error and feature consistency. The comprehensive training objective can be set as
follows.

L:Lreg—i_}"l L +}‘2Lband+;‘3 Lscore (25)

type
Here, L. is the device category 10ss,Ly,,q is the dominant band loss, and Ly, is the
confidence calibration loss. The proposed network can incorporate the basic acoustic
localization results and multimodal features into the coordinate regression process, which not
only improves the three-dimensional localization accuracy of noise sources, but also provides
the target area, equipment type and control credibility for subsequent active noise reduction.

3.4  Adaptive active noise reduction control method

Adaptive active noise reduction control takes the noise source location result as a priori to
determine the target noise reduction area, the reference microphone signal and the action
direction of the secondary loudspeaker. The framework of adaptive active noise reduction
control method is shown in Figure 2.

10
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Figure 2: Framework of adaptive active noise cancellation control method

The system takes the original noise collected by the microphone array as the reference
input x(n), generates the inverse belief signal y(n) through the control filter, and then radiates
to the target area by the speaker array, and adds the original noise to form the residual error
signal e(n). Considering that the loudspeaker, power amplifier and propagation path will
change the phase and amplitude of the control signal, it is necessary to estimate the secondary
channel to obtain the filtered reference signal x'(n). The FXLMS weight update process can
be expressed as follows.

w(n+1)=w(n)+ue(n)x'(n) (26)

Here,w(n) is the control filter weight, p is the step factor,e(n) is the residual sound
pressure signal collected by the error microphone, and x'(n) is the reference signal after
secondary channel estimation. In order to adapt to the low-frequency continuous noise of the
main transformer, the broadband noise of the cooling fan and the sudden load noise, the
variable step mechanism can be introduced:

u(n)=#‘;(n) 27)

Here,u, is the initial step size and « is the regulation coefficient. When the residual error
is large, the convergence speed of the system is improved. When the error decreases, the step
size automatically shrinks to avoid the oscillation of the control signal. The speaker output
weight is dynamically assigned according to the distance between the noise source coordinate
g and the speaker, the sound pressure feedback in the target area and the candidate type of
equipment, so that the inverse signal is concentrated on the main noise propagation direction.
The method can connect the "positioning-control-feedback” into a closed loop, and
continuously modify the filter parameters under different operating conditions, so as to
improve the low-frequency noise suppression effect and system operation stability.

11
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3.5 Collaborative optimization mechanism under complex operating
conditions

In complex substation scenarios, multiple sound sources superposition, equipment occlusion,
background noise enhancement, sensor local failure and load mutation will lead to error
transmission among sound source identification, spatial localization and active noise
reduction. In order to improve the stability of the system, a collaborative optimization
mechanism of "sliding window update-abnormal sample elimination-confidence correction-
dynamic weight adjustment” can be constructed. The system uses a sliding window of length
T,, to continuously read acoustic, vibration, thermal imaging and operating state data. Each
window outputs the noise source category, positioning coordinates, dominant frequency band
and residual sound pressure, and determines the trend of working conditions according to the
results of adjacent Windows:

Aq=13.-G_, 1, (28)

Here, Aq, represents the adjacent window positioning offset. When Aq_ exceeds the set

threshold and the residual sound pressure does not change synchronously, the window can be
judged to have reflected acoustic interference or abnormal positioning results, and its update
weight can be reduced. For local sensor failure or sudden increase of single modal noise, the
fusion weights can be adjusted based on the modal confidence C,;:

' 0,,Cppy 29)
Oy = = —
2k oy Cy

Here,o,,,' is the corrected modal weight, and C,, is calculated jointly by SNR, miss rate
and feature stability. If a certain microphone channel appears abrupt change, drop line or
continuous saturation, the system automatically eliminates the channel, and calls the adjacent
array and vibration mode compensation positioning information. At the same time, the
residual sound pressure e(n) collected by the error microphone is fed back to the active
anechoic controller, which is used to correct the filter step, the speaker output weight and the
target anechoic region. Through this mechanism, the sound source identification results
provide equipment prior for the positioning model, the positioning coordinates provide
control direction for active noise reduction, and the residual sound pressure feedback reverses
the identification and positioning reliability. Finally, a closed-loop collaborative optimization
process for complex working conditions is formed.

4 Experimental verification of multi-modal noise source
localization and active noise cancellation

4.1 Experimental platform and Dataset Construction

In order to verify the effectiveness of the multi-modal noise source localization and adaptive
active noise cancellation method, a substation noise simulation platform was established, and
field sampling was carried out in the typical operation area of a 110 kV substation. The
experimental objects include four kinds of noise sources: main transformer, cooling fan,
reactor and metal structure parts. Acoustic signals, vibration signals, infrared thermal images
and operating state parameters are collected. An 8-channel microphone array was used for
acoustic acquisition, and the sampling frequency was set to 48 kHz. A three-axis acceleration
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sensor was used for vibration acquisition, and the sampling frequency was set as 10 kHz. The
resolution of the thermal infrared imager is 640>480, and the sampling frame rate is 5 fps.
The operating state data include load rate, current, voltage, oil temperature, fan start and stop
state, and ambient temperature and humidity, and the sampling interval is 1 s. In the
experiment, three types of working conditions were set up: low load, medium load and high
load, and the load rate was controlled in the range of 35%-45%, 55%-70% and 80%-95%,
respectively. Natural background noise, fan interference noise and station boundary
environmental noise were added to simulate complex operation scenarios.

After the acquisition, slices were made with a sample window of 2 s and 50% overlap to
form multimodal samples. A total of 9600 groups of valid samples were obtained, including
2800 groups of main transformer noise samples, 2400 groups of cooling fan noise samples,
2200 groups of reactor noise samples, and 2200 groups of structural component resonance
noise samples. The dataset is divided into training set, validation set and test set according to
7:2:1, which contains 6720, 1920 and 960 groups of samples, respectively, as shown in Table
2.

Table 2: Composition of experimental data set for multimodal noise source localization

Number of . .
. Main Frequency | Average SPL Main Collected
Noise Source Type | Samples/ | "“po 47z | /dB(A) Modalities
Group
Main transformer 2800 100-500 63.8 Acoustic, vibratian,
thermal imaging, state
Cooling fan 2400 300-2500 68.5 Acoustic, vibration,
thermal imaging, state
Reactor 2200 100-800 65.2 Acoustic, vibration,

State

Structural component 9900 200-1200 617 Acoustic, _\/lbra_tlon,
resonance thermal imaging

Total 9600 — — Multimodal fusion

Table 2 shows that the experimental data cover different equipment types, frequency
distributions and sound pressure level ranges, which can support noise source category
identification, 3D positioning and verification of active noise reduction control effects. The
training phase is mainly used to learn the fusion features of acoustic vibration and thermal
states, the verification phase is used to adjust the network parameters and the noise reduction
control hyperparameters, and the test phase is used to evaluate the positioning accuracy, noise
reduction and operation stability of the model under unknown working conditions.

4.2  Evaluation index and comparison method setting

In order to comprehensively evaluate the performance of multi-modal noise source
localization and adaptive active noise reduction method, the experiment sets up indicators
from two aspects: "location recognition effect” and "noise reduction control effect”. The
performance of noise source localization is mainly evaluated by the average localization error,
recognition accuracy, recall, F1 score and localization stability. The average localization error
is used to measure the spatial deviation between the predicted coordinates and the true sound
source coordinates, and is calculated as follows.
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I N
By, ol (30)

Here,q.=(X;,9,,Z;) is the predicted sound source coordinate of the ith sample,q.=(x;,y.,z;)
is the true coordinate, and N is the number of test samples. The recognition accuracy is used
to evaluate the classification results of noise sources, the recall rate is used to reflect the
ability of the model to detect various noise sources, and the F1 value is used to
comprehensively measure the precision and recall rate:

. 2xPrecisionxRecall

Precision+Recall (31)

The positioning stability was measured by the fluctuation degree of the positioning results
of successive Windows. If the positioning offset of adjacent Windows was smaller, the output
of the model was more stable under load changes, background noise enhancement and
multiple sound source interference.

The active sound cancellation performance is evaluated using the amount of noise
reduction, residual sound pressure level, convergence time and control delay. Noise reduction
is used to reflect the decrease of sound pressure level in the target area before and after the
system is enabled, which can be expressed as follows.

AL=Liefore-Lafter (32)

Here,Ly.sore 1S the sound pressure level before silencing, and L,g., is the residual sound
pressure level after silencing. The convergence time represents the time required for the
control system from startup until the residual error enters the stable range, and the control
delay represents the average response time between the reference signal acquisition and the
loudspeaker output control signal. The above indicators can reflect the noise reduction
strength, dynamic response ability and real-time control ability of the system at the same time.

The comparison method Settings are shown in Table I1l. In the noise source localization
part, TDOA, traditional beamforming, single-modal CNN and multi-modal fusion localization
models are selected as comparison methods. LMS, FXLMS, variable step-size FXLMS and the
proposed location-guided adaptive FXLMS method are selected for comparison in the active
silencing part. TDOA and beamforming are used to verify the limitations of traditional array
positioning methods in complex substation scenarios, single-modal CNN is used to analyze
the recognition effect that only relies on acoustic features, and multimodal fusion positioning
model is used to verify the gain of collaborative modeling of acoustic, vibration, thermal
imaging and operating state data. The noise reduction ability and convergence stability of
different control strategies under low-frequency continuous noise, fan broadband noise and
structural resonance noise were investigated.
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Table 3: Evaluation indicators and comparison method Settings

Evaluation

Object Indicator Type

Specific Indicators

Comparison Methods

Noise source

- Spatial localization
localization

Average localization
error, localization

TDOA, beamforming,
single-modal CNN, multimodal

stability fusion localization model
Noise source Classification Accuracy, Recall, F1 | Single-modal CNN, multimodal
recognition recognition score fusion recognition model
Active noise | Noise reduction N0|§e reduction, LMS, FXLMS, variable step-size
. residual sound
cancellation effect FXLMS, proposed method
pressure level
Real-time Converaence time FXLMS, variable step-size
Control process| performance and contrgol dela ' |FXLMS, location-guided adaptive
stability y FXLMS

Through the above indicators and comparison schemes, the comprehensive performance
of the proposed method can be verified from the aspects of positioning accuracy, recognition
reliability, noise reduction intensity and real-time control stability.

4.3 Analysis of experimental results of noise source localization

In order to verify the positioning performance of the multi-modal fusion model in complex
substation facilities scenarios, the experiment is set up under four working conditions: single
source, multiple sources, strong background noise and load mutation, and the method in this
paper is compared with TDOA, traditional beamforming and single-mode CNN. The
experimental results are shown in Table 4.

Table 4: Comparison of noise source localization results of different algorithms under typical

working conditions

. . Ave_ragg Accuracy | Recall | F1
Operating Condition Method Localization /% y (% | 1%
Error/ m
Single sound source TDOA 0.62 87.1 85.8 |86.4
Single sound source Beamforming 0.55 88.5 87.2 |87.8
Single sound source Single-modal CNN 0.41 91.2 90.5 ]90.8
Single sound source | Multimodal fusion model 0.24 96.4 95.7 196.0
Multiple sound sources TDOA 1.18 74.5 72.6 |735
Multiple sound sources Beamforming 0.96 78.3 769 |77.6
Multiple sound sources Single-modal CNN 0.72 84.1 82.8 |834
Multiple sound sources |Multimodal fusion model 0.39 92.6 91.4 ]92.0
Strong background noise TDOA 1.36 70.8 68.9 |69.8
Strong background noise Beamforming 1.12 75.6 735 |745
Strong background noise |  Single-modal CNN 0.83 81.7 80.2 [80.9
Strong background noise |Multimodal fusion model 0.46 90.3 89.1 |89.7
Load mutation TDOA 1.05 76.2 744 |75.3
Load mutation Beamforming 0.91 79.5 77.8 |78.6
Load mutation Single-modal CNN 0.68 85.4 84.1 |84.7
Load mutation Multimodal fusion model 0.35 93.8 925 [931
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Table 4 shows that the multimodal fusion model achieves better results under the four
types of working conditions. In the single source scene, the average positioning error of the
proposed model is 0.24 m, which is 61.3% lower than that of TDOA and 41.5% lower than
that of single-mode CNN, indicating that the fixed noise source area such as main transformer,
reactor or cooling fan can be more accurately locked after the fusion of acoustic, vibration,
infrared and operating state data. In the superposition scene of multiple sound sources, TDOA
and beamforming are easily affected by the aliasing of acoustic arrival paths, and the average
positioning error increases to 1.18 m and 0.96 m, respectively, while the error of the model in
this paper is controlled at 0.39 m, which indicates that the vibration response and equipment
operating state can provide effective priors for acoustic positioning.

In the strong background noise scene, the recognition accuracy of the traditional algorithm
Is significantly reduced, the TDOA accuracy is only 70.8%, and the single-modal CNN
accuracy is 81.7%. The proposed model still maintains an accuracy of 90.3% and an F1 value
of 89.7%. The main reason is that when the acoustic mode is polluted by noise, the vibration
mode and infrared thermal state can still reflect the operation characteristics of the device
itself, thereby reducing misjudgment. In the load mutation scene, the average positioning
error of the multi-modal fusion model is 0.35 m, and the F1 value reaches 93.1%, which
indicates that the running state data has a strong compensation effect on the noise drift caused
by load changes.

2
1.8
1.6
1.4
1.2

1
0.8
0.6
0.4
0.2

0
20 15 10 5 0

e TDOA/M Beam forming/m

Single modeCNN/m Multi-modal fusion model/m

Figure 3: Average localization error as a function of SNR

Figure 3 shows the average localization error as a function of SNR. As the SNR decreases
from 20 dB to 0 dB, the TDOA positioning error increases from 0.58 m to 1.74 m, the
beamforming increases from 0.51 m to 1.48 m, the single-modal CNN increases from 0.39 m
to 1.09 m, and the multi-modal fusion model only increases from 0.23 m to 0.65 m. The error
increase is relatively small. It shows that the model is more robust to background noise
enhancement.

In addition, to verify the contribution of different modalities to the model performance,
the ablation comparison is further carried out, and the results are shown in Table 5.
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Table 5: Ablation experimental results of the multimodal fusion model

. . Average Localization | Accuracy | F1

Model Configuration Error / m | % /%
Acoustic modality only 0.73 84.6 83.8
Acoustic + vibration 0.51 89.2 88.5
Acoustic + vibration + infrared 0.42 91.7 91.0
Acoustic + vibration + operating state 0.40 92.4 91.8
Acoustic + vibration + infrared + operating state 0.36 94.1 93.5

Table 5 shows that when only the acoustic modality is used, the model is susceptible to
reverberation and background noise, and the average positioning error is 0.73 m. After adding
the vibration mode, the error dropped to 0.51 m, indicating that the structural response of the
equipment can effectively assist in determining the position of the noise source body. After
further introducing the infrared thermal image and running state data, the model can
distinguish the noise fluctuations caused by the thermal state of the equipment, the load
change and the start and stop of the fan. The final average positioning error is reduced to 0.36
m, and the Accuracy is improved to 94.1%. On the whole, the multimodal fusion model is
superior to the traditional acoustic localization algorithm and the single-modal deep learning
model in terms of positioning accuracy, category recognition and robustness to complex
working conditions.

4.4  Analysis of experimental results of active noise reduction

The active noise reduction experiments were carried out around the low-frequency
electromagnetic noise, fan broadband noise and structural resonance noise, and the control
effects of LMS, FXLMS, variable step FXLMS and the proposed location-guided adaptive
FXLMS method were compared respectively. The experimental results are shown in Figure 4,
where the proposed method achieves the highest noise reduction in three types of noise
scenarios. In the low-frequency electromagnetic noise scene, the noise reduction of LMS,
FXLMS, variable step size FXLMS and the proposed method is 6.8dB, 9.7dB, 11.4dB and
14.6dB, respectively, and the proposed method is 4.9 dB higher than that of the traditional
FXLMS. In the fan broadband noise scene, the noise reduction of the proposed method
reaches 12.8 dB, which is 2.7 dB higher than that of the variable step size FXLMS. In the
structural resonance noise scene, the noise reduction of the proposed method reaches 13.5 dB,
which indicates that the positioning results can effectively guide the loudspeaker array to
concentrate the negative signal on the main noise radiation area.
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Figure 4: Noise Reduction Performance of Different ANC Algorithms

It can be seen from Figure 4 that the LMS algorithm has limited control accuracy under
low-frequency persistent noise and broadband disturbance because it does not consider the
influence of secondary channels. FXLMS improves the inverse signal matching effect by
secondary channel compensation, but it still relies on error feedback to gradually converge
when load fluctuation and sound source position change. The variable step size FXLMS
enhances the dynamic adjustment ability, and the overall noise reduction is improved. On this
basis, the noise source localization results are introduced, and the sound source coordinates,
candidate device regions and residual sound pressure feedback are jointly used to update the
filter step and speaker weight, so that the control energy is more accurately directed to the
target muffled area, so that the proposed method shows higher noise reduction strength in the
three types of noise.

To further analyze the dynamic stability of the control process, the low-frequency
electromagnetic noise scene is selected to draw the residual sound pressure level convergence
curve, as shown in Figure 5. The initial residual sound pressure level of the experiment was
65.2 dB(A). LMS decreased to 58.4 dB(A) after 5 s, and the convergence speed was slow.
FXLMS drops to 55.5 dB(A) after 5 s. The variable step size FXLMS basically enters the
stable interval after 3 s, and the final residual sound pressure level is 53.8 dB(A). The
proposed method has decreased to 51.4 dB(A) at 2 s and stabilized at about 50.8 dB(A) after 3
s, resulting in A final residual sound pressure level of 50.6 dB(A). The results show that the
positioning guidance mechanism can reduce the controller's blind search for the error signal,
and make the filter weight update closer to the effective control direction faster.
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Figure 5: Convergence Curves of Residual SPL under Low-Frequency Electromagnetic Noise

Sound field control not only requires high noise reduction in the target area, but also
should avoid obvious sound pressure disturbance in the non-target area. Figure 6 shows the
comparison of noise reduction in the target area and sound pressure change in the non-target
area. The noise reduction in the target area of LMS is 6.8 dB, but the sound pressure change
in the non-target area reaches 2.4 dB, which indicates that the control of sound field diffusion
is obvious. The sound pressure variation in the non-target area is reduced to 1.8 dB and 1.3 dB
for FXLMS and variable step size FXLMS, respectively. The proposed method achieves 14.6
dB noise reduction in the target region, while the sound pressure change in the non-target
region is only 0.6 dB, indicating that it has better spatial selectivity.

14.6

Level Change (dB)

LMS FxLMS Variable Step-Size FXLMS Proposed Method

| - ~ =
( - Target-Area Noise Reduction - Non-Target-Area SPL Change

Figure 6: Acoustic Impact in Target and Non-Target Areas

From Figure 4 to 6, it can be seen that the proposed location-guided adaptive FXLMS
method not only improves the overall suppression effect of low-frequency electromagnetic
noise, fan broadband noise and structural resonance noise, but also significantly shorts the
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convergence time and reduces the sound field disturbance in non-target areas. Its advantages
mainly come from three aspects: the noise source location results provide the target area prior
for the controller, the variable step size mechanism improves the dynamic update ability of
the filter, and the speaker weight allocation enhances the spatial directivity of the inverse
signal. Therefore, the proposed method is more suitable for active noise reduction scenarios
with multi-source coupling, complex sound field and obvious changes in operating conditions
of power substation facilities.

4.5 Ablation experiments and robustness verification

In order to analyze the contribution of each module to the system performance, the vibration
mode, infrared mode, running state mode, cross-modal attention mechanism and adaptive step
update module are removed respectively based on the full model, and the results are shown in
Table 6.

Table 6: Results of ablation experiments for different modules

Average Accuracy Average Noise |Convergence
: . U9 0
Model Configuration Localization 1% F1/% Reduction / dB|  Time /s
Error / m
Full model 0.36 941 | 935 13.6 2.3
Without vibration modality 0.49 90.2 89.6 11.8 2.8
Without infrared modality 0.43 915 | 90.8 12.4 2.6
Without operating state modality 0.46 90.9 | 90.1 12.1 2.7
Without cross-mo_dal attention 0.54 887 | 879 11.2 31
mechanism
Without adaptive step-size 0.39 93.2 92 7 115 34
update

Table 6 shows that the full model has the best overall performance. After removing the
vibration mode, the positioning error increases from 0.36 m to 0.49 m, which indicates that
the vibration signal plays an important role in the identification of the main transformer,
reactor and structural components. After removing the infrared mode, the ability of the model
to recognize the temperature rise of the equipment, the start and stop of the fan, and the heat
dissipating anomalies decreases. After removing the operational state modes, the adaptability
under load mutation conditions is weakened. The cross-modal attention mechanism has the
most obvious influence. After removal, the average positioning error increases to 0.54 m, and
the F1 value decreases to 87.9%, indicating that the fixed-weight fusion is difficult to adapt to
the changes in the contribution of acoustic, vibration, thermal and state data under different
noise sources. After removing the adaptive step update, the noise reduction is reduced to 11.5
dB and the convergence time is extended to 3.4 s, which indicates that it is difficult to balance
fast convergence and stable control with fixed step size.

Further setting complex conditions such as missing sensors, background noise disturbance,
communication delay and load fluctuation, the robustness verification results are shown in
Table 7.
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Table 7: Results of system robustness verification under complex operating conditions

Test Condition Average Localization|Accuracy Averag_e Noise| Control
Error / m /% |Reduction /dB| Delay / ms
Normal operating condition 0.36 94.1 13.6 22.4
10% sensor missing 0.42 91.8 12.7 23.1
15% background noise 0.48 90.6 12.2 23.5
disturbance

50 ms communication delay 0.44 91.5 12.4 27.6
Load fluctuation £20% 0.47 90.9 12.1 24.2

Table 7 shows that the average positioning error of the system only increases to 0.42 m
when 10% of the sensors are missing, indicating that the multi-modal redundant input is able
to compensate for local channel failures. After adding 15% background noise disturbance, the
Accuracy still remains 90.6%, indicating that vibration, infrared and running state information
can weaken the misjudgment caused by acoustic signal contamination. When the
communication delay reaches 50 ms, the average noise reduction is still 12.4 dB, which
indicates that the sliding window update and error feedback correction can maintain the
control stability. Overall, the proposed method has better positioning accuracy, noise
reduction effect and engineering adaptability in complex substation facilities scenes.

5 Conclusion

In this paper, a noise source localization and adaptive active denoising method based on
multi-modal sensor fusion is constructed for the complex noise control requirements of power
substation facilities. Taking microphone array, acceleration sensor, infrared thermal imager
and operating state data as input, the spatiotemporal synchronization and fusion modeling of
acoustic, vibration, thermal imaging and working condition parameters are completed. On this
basis, the sound source spatial localization model, the acoustic vibration and thermal
multi-feature recognition model and the localization guided adaptive FXLMS denoising
control method are designed. The experiments were carried out based on 9600 groups of
multimodal samples. The results show that the multimodal fusion model is superior to TDOA,
beamforming and single-modal CNN methods in the scenarios of single sound source,
multiple sound sources, strong background noise and load mutation. The average positioning
error of the complete model is 0.36 m, the recognition accuracy is 94.1%, and the F1 value is
93.5%. When the signal-to-noise ratio (SNR) decreases from 20 dB to 0 dB, the positioning
error of the multi-modal fusion model only increases from 0.23 m to 0.65 m, showing good
anti-noise stability.

Active noise reduction experiments show that the noise reduction of the location-guided
adaptive FXLMS method under low-frequency electromagnetic noise, fan broadband noise
and structural resonance noise is 14.6dB, 12.8dB and 13.5dB respectively, which are higher
than those of LMS, FXLMS and variable step size FxLMS. In the low-frequency
electromagnetic noise scene, the residual sound pressure level decreased from 65.2 dB(A) to
50.6 dB(A), and entered a stable convergence state after about 2 s. The noise reduction in the
target area reaches 14.6 dB, and the sound pressure change in the non-target area is only 0.6
dB, which indicates that the proposed method can improve the spatial selectivity of noise
reduction. Ablation and robustness verification further show that under the conditions of 10%
sensor loss, 15% background noise disturbance, 50 ms communication delay and load
fluctuation *20%, the system can still maintain more than 90% recognition accuracy and
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more than 12 dB noise reduction, which has good engineering application adaptability.
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