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Abstract

Industrial  acoustic  monitoring  provides  non-contact  condition  information  for  motors, 

pumps,  compressors,  cutting machines,  fans,  and  rotating equipment.  However,  acoustic  time 

series  are  strongly  contaminated  by  background  noise,  multi-machine  interference,  airflow 

disturbance, workshop vibration, and transient operational sounds. These factors make it difficult 

to detect  early abnormal acoustic patterns associated with mechanical  degradation.  This  study 

proposes  a  noise-disentangled  diffusion  modeling  approach  for  abnormal  acoustic  pattern 

detection  in  industrial  equipment.  The  method  converts  acoustic  streams  into  time-frequency 

sequences and uses a conditional diffusion model to reconstruct clean latent acoustic patterns from 

noisy spectral observations. A disentanglement constraint separates background workshop noise, 

normal  machine-state  variation,  and  fault-related  acoustic  components.  Anomaly  scores  are 

computed from denoised spectral residuals and fault-component activation intensity. Experiments 

are  conducted  on  an  industrial  acoustic  dataset  collected  from  1,420  machines  across  16 

workshops,  including  motors,  centrifugal  pumps,  air  compressors,  and  spindle  systems.  The 

dataset  contains 9,600 hours of acoustic recordings,  5.4 million time-frequency windows, and 

1,180 maintenance-confirmed abnormal episodes, including bearing wear, pump cavitation, belt 

misalignment,  compressor leakage, and spindle chatter.  Compared with a spectral  autoencoder 

baseline, the proposed method reduces median abnormal-sound detection delay from 31.5 minutes 

to 8.2 minutes. False alerts decrease to 1.3 cases per machine-month in high-noise workshops. The 

average denoised spectral distortion is reduced by 0.112 log-magnitude units, and fault-related 

component separation lowers background-noise activation by 6.9 dB. The model processes 26,000 

acoustic windows per second during offline assessment and maintains 52 ms median inference 

latency  for  online  monitoring.  The  results  demonstrate  that  diffusion-driven  denoising  and 

component disentanglement can improve robust anomaly detection for noisy industrial acoustic 

time series.
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1. Introduction

Industrial  acoustic  monitoring  has  become  an  important  tool  for  equipment  condition 

assessment  because it  can capture operating-state  information without  requiring direct  contact 

with machine components. Compared with conventional vibration sensors, acoustic sensors can be 

installed more flexibly and can monitor machines whose surfaces are inaccessible, rotating, or 

exposed to harsh operating conditions. Motors, pumps, compressors, fans, cutting machines, and 

spindle  systems often produce abnormal  acoustic  patterns  before  a  serious mechanical  failure 

occurs.  These  changes  may  result  from  bearing  wear,  pump  cavitation,  belt  misalignment, 

compressor leakage, gear damage, loose components, or spindle chatter. Early identification of 

such  acoustic  changes  can  support  preventive  maintenance,  reduce  unplanned  downtime,  and 

prevent  minor  defects  from  developing  into  costly  equipment  failures. Reliable  acoustic 

monitoring  remains  difficult  in  real  production  environments.  Sound  recordings  collected  in 

workshops usually contain not  only equipment operating sounds but  also airflow disturbance, 

human activity, tool impacts, structural vibration, transient loading events, and interference from 

adjacent machines. The acoustic characteristics of the same machine may also vary with rotational 

speed, production load, material type, tool condition, microphone position, and workshop layout 

[1,2]. As a result, weak fault signatures can be masked by changing background noise or confused 

with normal operating variations. When several machines operate simultaneously, their acoustic 

components may overlap in both the time and frequency domains, making it difficult to determine 

whether a spectral change is caused by an actual fault, a temporary operating transition, or an 

unrelated noise source. Recent studies have applied time-frequency analysis and deep learning to 

machine  acoustic  monitoring.  Log-Mel  spectrograms,  wavelet  representations,  convolutional 

neural networks, autoencoders, and Transformer-based architectures have improved the extraction 

of abnormal acoustic features from complex recordings [3,4]. Related research on fine-grained 

multivariate time-series anomaly detection has further shown that causal inference can distinguish 

variables directly associated with an anomaly from correlated fluctuations that occur at the same 

time [5]. This finding is relevant to industrial acoustic monitoring because fault-related spectral 

changes  are  frequently  accompanied  by  environmental  noise,  operating-state  transitions,  and 

interference from other machines [6,7]. Introducing a similar separation principle into acoustic 

representation  learning  may  help  prevent  coincidental  noise  variation  from  being  incorrectly 

identified as equipment failure.

Despite  this  progress,  most  existing  acoustic  fault-diagnosis  methods  rely  primarily  on 

reconstruction errors, embedding distances, or classification confidence scores. Reconstruction-

based models generally assume that a model trained on normal samples will reconstruct normal 

sounds accurately and abnormal sounds poorly. This assumption may not hold when background 

noise changes substantially, because an unfamiliar but harmless noise can also produce a large 

reconstruction error [8]. Classification models require representative labeled fault samples, but 

industrial fault recordings are usually limited, imbalanced, and expensive to obtain [9,10]. Models 



trained on laboratory datasets or recordings from a single machine may therefore perform well 

under controlled conditions but show reduced reliability after being transferred to workshops with 

different noise sources, equipment layouts, and operating schedules. Another limitation is that 

many methods encode mixed acoustic signals as a single latent representation [11,12]. In such 

representations,  machine-state  information,  background  noise,  transient  operating  sounds,  and 

fault-related  components  may  become  entangled.  The  resulting  anomaly  score  cannot  clearly 

indicate whether a deviation is caused by equipment degradation or by a change in the acoustic 

environment [13,14]. This problem is particularly serious for early faults because their acoustic 

signatures are weak and may occupy only a narrow frequency range or a short temporal interval 

[15,16]. Noise suppression alone may also remove useful fault information when the frequency 

distribution  of  the  noise  overlaps  with  that  of  the  mechanical  defect.  A practical  monitoring 

method must therefore preserve subtle fault-related structures while separating them from non-

fault acoustic variation [17,18]. Diffusion models provide a potential solution because they learn 

data distributions through a gradual noise-addition and denoising process. Rather than directly 

reconstructing an input in a single step, a diffusion model can progressively recover its underlying 

structure under conditional guidance [19,20]. This property is suitable for acoustic monitoring, 

where  the  observed  signal  may  be  regarded  as  a  mixture  of  stable  machine  characteristics, 

operating-state  variation,  background  interference,  and  fault-related  perturbations [21,22]. 

However,  conventional  diffusion  denoising  does  not  automatically  guarantee  that  these 

components will be represented separately. Without an explicit disentanglement mechanism, the 

recovered latent pattern may still  contain workshop noise or suppress weak abnormal features 

[23,24].  A  dedicated  constraint  is  therefore  required  to  guide  the  model  toward  separating 

environmental interference, normal operating variation, and fault-related acoustic information.

The purpose of this study is to develop a noise-disentangled diffusion model for abnormal 

acoustic pattern detection in industrial equipment. Continuous acoustic streams are converted into 

time-frequency sequences, after which conditional diffusion denoising is used to recover latent 

acoustic patterns associated with equipment operation. A disentanglement constraint is introduced 

to  separate  background  noise,  normal  machine-state  variation,  and  fault-related  acoustic 

components. Anomaly scores are calculated by combining denoised spectral residuals with the 

activation intensity of the extracted fault component, allowing the model to distinguish persistent 

equipment abnormalities from temporary environmental  disturbances.  The proposed method is 

evaluated  using  9,600  h  of  acoustic  recordings  collected  from  1,420  machines  across  16 

workshops,  covering different  equipment  types,  operating conditions,  and noise environments. 

The study examines whether the proposed model can shorten fault-detection delay, reduce false 

alarms, maintain stable performance under changing workshop noise, and identify weak abnormal 

patterns  in  multi-machine  production  settings.  By  improving  the  separation  between  fault 

information and non-fault acoustic variation, this research provides a practical basis for reliable 



online condition monitoring and supports earlier maintenance decisions in large-scale industrial 

equipment management.

2. Materials and Methods

2.1 Samples and Study Area

This  study  used  an  industrial  acoustic  dataset  collected  from  1,420  machines  in  16 

workshops. The monitored equipment included motors, centrifugal pumps, air compressors, fans, 

cutting  machines,  and  spindle  systems.  Acoustic  recordings  were  obtained  under  routine 

production conditions, including changing loads, multi-machine operation, airflow disturbance, 

and background workshop noise. The dataset contained 9,600 h of recordings and 5.4 million 

time-frequency windows. A total of 1,180 abnormal episodes were confirmed by maintenance 

records, including bearing wear, pump cavitation, belt misalignment, compressor leakage, spindle 

chatter,  and  abnormal  friction  noise.  Each  recording  segment  was  linked  to  machine  type, 

operating state, workshop location, and maintenance label.

2.2 Experimental Design and Control Setup

Two groups were used to evaluate the proposed method. The experimental group applied 

noise-disentangled  diffusion  modeling  for  acoustic  anomaly  detection.  It  used  conditional 

diffusion denoising to recover clean acoustic patterns and separated background noise, normal 

machine-state  variation,  and  fault-related  components.  The  control  group  used  a  spectral 

autoencoder baseline, which detected abnormal sounds only through reconstruction error. Both 

groups were tested on the same time-frequency windows and maintenance-confirmed abnormal 

episodes. The spectral autoencoder was selected as the baseline because it is commonly used for 

unsupervised acoustic  anomaly detection.  This  design  allowed direct  comparison  of  detection 

delay,  false  alert  rate,  spectral  reconstruction  quality,  noise  reduction,  and  online  inference 

latency.

2.3 Measurement Methods and Quality Control

Acoustic signals were recorded by fixed microphones installed near each machine group. 

The sensors were placed at stable positions to reduce the effect of distance and direction changes. 

Raw audio was collected during normal production schedules and stored with machine-operation 

logs. Before analysis, recordings were checked for clipping, missing segments, abnormal silence, 

microphone  disconnection,  and  time-stamp  errors.  Segments  affected  by  sensor  failure  were 

removed, and short missing intervals were excluded from window generation. Background noise 

levels were estimated for each workshop using non-fault operation periods. Maintenance reports 

and inspection notes were used to verify abnormal episodes and their time ranges. These steps 

reduced label errors and improved the reliability of model evaluation.

2.4 Data Processing and Model Formulation



Raw acoustic  streams were  converted  into  log-magnitude  spectrograms using  short-time 

Fourier transform. Each spectrogram window was normalized by machine type and workshop 

noise level. Let  xt denote a noisy spectral observation at diffusion step  t, and let  c denote 

condition information, including machine type, load state, and workshop noise level. The denoised 

acoustic pattern was estimated as:

x̂0=
xt−√1− ᾱtϵθ(xt,t,c)

√ᾱt
where  ᾱt is the cumulative noise schedule and  ϵθ is the learned noise estimator. The 

latent representation was then separated into background noise, normal-state variation, and fault-

related components. The anomaly score for each window was calculated as:

A=λ‖x− x̂0‖1+(1 λ)− ‖zf‖2
where  x is the observed spectrogram,  x̂0 is the denoised spectrogram,  zf is the fault-

related component, and λ balances spectral residual and fault-component activation. A window 

was classified as abnormal when A exceeded the machine-specific threshold learned from normal 

operation data.

2.5 Statistical Analysis and Validation

Model performance was assessed using median abnormal-sound detection delay, false alerts 

per  machine-month,  denoised  spectral  distortion,  background-noise  reduction,  and  online 

inference latency. The proposed method and the spectral  autoencoder baseline were compared 

using paired statistical tests at a significance level of 0.05. Sensitivity tests were conducted by 

changing  diffusion  steps,  anomaly  thresholds,  window length,  and  workshop  noise  level.  All 

analyses were performed in Python using NumPy, SciPy, librosa, and PyTorch.  Maintenance-

confirmed abnormal episodes were used as reference labels to assess whether the detected acoustic 

anomalies matched real equipment faults.

3. Results and Discussion

3.1 Abnormal Acoustic Pattern Detection

The proposed noise-disentangled diffusion model achieved better abnormal-sound detection 

than the spectral  autoencoder baseline. The improvement was evident for bearing wear,  pump 

cavitation,  belt  misalignment,  compressor  leakage,  and  spindle  chatter.  The  median  detection 

delay decreased from 31.5 min to 8.2 min, indicating higher sensitivity to early fault sounds. As  

shown in Fig. 1, recent industrial acoustic studies use machine-sound features and deep models to 

detect mechanical faults. These methods improve fault recognition, but their performance may 

decline when factory noise overlaps with weak fault signals. The proposed method addressed this 

issue  by  reconstructing  cleaner  time-frequency  patterns  and  calculating  anomaly  scores  from 



denoised  residuals.  This  design  improved  detection  under  high-noise  workshop  conditions 

[25,26].

Fig. 1. Acoustic anomaly detection process for mechanical fault monitoring in noisy workshops.

3.2 Noise Separation and Spectral Reconstruction

The  proposed  model  reduced  the  average  denoised  spectral  distortion  by  0.112  log-

magnitude units. Fault-component separation also decreased background-noise activation by 6.9 

dB. These results show that the model separated background noise, normal machine-state changes, 

and fault-related acoustic components instead of reconstructing the full spectrogram as one mixed 

signal. As illustrated in Fig. 2, diffusion-based anomalous sound detection uses a forward noise 

process  and  a  reverse  denoising  process  to  recover  normal  acoustic  patterns.  Compared  with 

standard  autoencoders,  this  stepwise  denoising  structure  is  more  suitable  for  noisy  industrial 

recordings [27,28,29]. It  reduces random background interference while retaining fault-related 

spectral regions.

Fig. 2. Diffusion denoising process for abnormal sound detection in industrial equipment.

3.3 False Alert Reduction and Model Robustness

False alerts decreased to 1.3 cases per machine-month in high-noise workshops. This result 

is  important  because  excessive  alarms  increase  maintenance  workload  and  reduce  operator 

confidence  in  acoustic  monitoring  systems.  The  lower  false  alert  rate  was  mainly  due  to 

component-level scoring. A sound window was not marked as abnormal only because its raw 



spectral residual was large. It also needed strong fault-component activation after noise separation. 

This  rule  reduced  the  effects  of  airflow  disturbance,  workshop  vibration,  multi-machine 

interference,  and  short  transient  sounds.  Compared  with  reconstruction-only  monitoring,  the 

proposed method produced more stable results across different equipment types and workshop 

conditions [30,31,32].

3.4 Practical Value and Limitations

The method was tested on 9,600 h of recordings from 1,420 machines across 16 workshops, 

covering  5.4  million  time-frequency  windows  and  1,180  maintenance-confirmed  abnormal 

episodes.  Offline  assessment  processed  26,000  acoustic  windows  per  second,  and  online 

monitoring achieved a median inference latency of 52 ms. These results indicate that the method is 

suitable  for  practical  industrial  acoustic  monitoring.  It  can  support  early  fault  warning, 

maintenance  scheduling,  and  workshop-level  equipment  inspection.  However,  performance 

depends  on  microphone  placement,  maintenance-label  quality,  workshop  noise  coverage,  and 

acoustic  component  separation  accuracy.  Future  studies  should  test  the  method  under  more 

machine types, changing production loads, long-term microphone aging, and unseen factory noise 

sources.

4. Conclusion

This study developed a noise-disentangled diffusion model for detecting abnormal acoustic 

patterns  in  industrial  equipment.  The  method  combines  conditional  diffusion  denoising, 

component  separation,  and  fault-based  scoring  to  recover  clean  time-frequency  patterns  and 

separate  workshop  noise  from  fault-related  acoustic  signals.  Experiments  on  1,420  machines 

across 16 workshops showed that the proposed method reduced the median detection delay from 

31.5 min to 8.2 min compared with the spectral autoencoder baseline. False alerts decreased to 1.3  

cases per machine-month in high-noise workshops, and denoised spectral distortion was reduced 

by  0.112  log-magnitude  units.  Fault-component  separation  also  reduced  background-noise 

activation by 6.9 dB. These results show that diffusion denoising and component separation can 

improve early fault detection, noise resistance, and acoustic interpretation in complex industrial 

settings. The method can support online equipment monitoring, early maintenance warning, and 

workshop-level  fault  diagnosis.  However,  its  performance  depends  on microphone placement, 

maintenance-label  quality,  noise  coverage,  and component  separation accuracy.  Future studies 

should  test  the  method  with  more  machine  types,  changing  production  loads,  long-term 

microphone aging, and unseen factory noise.
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