A Low-Cost, Scalable Approach for Compressor Fault Monitoring
Using Deep Learning on Acoustic Signals

Sumana Roy', Pratyush Kumar Pal?, Narottam Behera® and Sandip Kumar Lahiri *

L234National Institute of Technology Durgapur, Mahatma Gandhi Avenue, Durgapur — 713209, West Bengal, India
sr.19ch1501@phd.nitdgp.ac.in
pkp.21ch1502@phd.nitdgp.ac.in
nb.20ch1504@phd.nitdgp.ac.in
*Corresponding author:sklahiri.che@nitdgp.ac.in

ABSTRACT

In chemical and process industries, reciprocating air com-
pressors are critical single-line equipment whose unex-
pected failure can trigger plant-wide shutdowns. Legacy
compressors often lack built-in monitoring systems, posing
significant challenges for early fault detection. This study
proposes a non-intrusive, deep learning-based framework
for detecting compressor faults through acoustic signal
analysis, which aims to retrofit predictive maintenance ca-
pabilities into aging assets. A publicly available dataset of
air compressor acoustic recordings was utilized, encom-
passing healthy and seven fault conditions. Sequential
models based on Long Short Term Memory (LSTM) and
Bidirectional LSTM (BiLSTM) networks were first devel-
oped using manually extracted spectral features. Subse-
quently, a Convolutional Neural Network (CNN) was
trained directly on Mel-spectrogram representations of the
sound signals. Data augmentation techniques were em-
ployed to improve model generalization. A real-world
proof-of-concept test on 20 new compressor recordings
achieved 95% accuracy, thus validating the model’s prac-
tical deployment capability. The proposed deep learning
framework provides a scalable, cost-effective solution for
sound-based fault diagnosis in compressors, eliminating
the need for physical sensor installations. The CNN model
trained on Mel spectrograms proved particularly effective,
offering near-real-time prediction performance with mini-
mal hardware. Performance was evaluated through per-
class precision, recall, F1-score, confusion matrices, and
cross-validation. The LSTM model achieved a validation
accuracy of 92%, which improved to 94% with the
BiLSTM architecture. The CNN model achieved 96.6%
validation accuracy, further increasing to 98.3% after aug-
mentation, with a macro-F1 score of 98.6%.Cross-valida-
tion demonstrated stable performance (£0.4% deviation).
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A real-world proof-of-concept test on 20 new compressor
recordings achieved 95% accuracy, validating the model’s
practical deployment capability. The proposed deep learn-
ing framework provides a scalable, cost-effective solution
for sound-based fault diagnosis in compressors, eliminat-
ing the need for physical sensor installations. The CNN
model trained on Mel spectrograms proved particularly ef-
fective, offering near-real-time prediction performance
with minimal hardware requirements.
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toring.

1. INTRODUCTION

Compressors are critical components in various industrial
applications, and their failure can lead to significant oper-
ational disruptions and financial losses. Reciprocating air
compressors are critical mechanical systems widely uti-
lized in chemical process industries, petrochemical plants,
and energy facilities. Given their pivotal role, the opera-
tional reliability of compressors directly influences plant
safety, product quality, and economic performance. Im-
portantly, compressors are often single-line equipment —
meaning that their unexpected failure can trigger a com-
plete shutdown of the associated production unit, resulting
in substantial economic losses and safety hazards. Modern
compressors are typically equipped with advanced condi-
tion monitoring systems, including vibration sensors, tem-
perature monitors, and real time data acquisition platforms.
These systems enable early fault detection and predictive
maintenance strategies. However, legacy compressors —
many of which are still widely in operation, particularly in
older chemical plants — often lack any built-in monitoring
infrastructure. Detecting faults such as bearing degrada-
tion, valve leakage, piston wear, or belt damage in these
machines thus remains a significant challenge. In the ab-
sence of continuous monitoring, failures are often identi-
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fied only after severe symptoms appear, by which time cor-
rective maintenance is more costly and disruptive. The ret-
rofitting of traditional vibration and pressure sensor net-
works onto legacy compressors presents considerable chal-
lenges: it requires mechanical modifications, substantial
downtime, and significant capital investment — which
may not be justifiable for older equipment. Consequently,
there is a strong industrial need for non-intrusive, cost-ef-
fective, and scalable fault detection solutions for such ma-
chines. Acoustic signal analysis emerges as a promising al-
ternative. Real-time fault monitoring is essential to ensure
the reliability and efficiency of compressors. Compressors
naturally emit sound during operation, and mechanical
faults tend to alter the acoustic signatures produced.
Acoustic signals, which are non-invasive and can be col-
lected without interrupting machine operation, have
emerged as a promising modality for fault diagnosis. Sub-
tle changes in spectral content, energy distribution, and
rhythm can provide early indications of abnormal condi-
tions. Unlike vibration monitoring, acoustic sensing does
not require physical contact with the machine, is cheaper to
deploy (requiring only external microphones), and can be
scaled across multiple units with minimal incremental cost.
Deep learning models have shown remarkable success in
analyzing these signals due to their ability to automatically
extract complex features. Recent advances in deep learning
techniques have opened new pathways for analyzing com-
plex, high-dimensional data like sound signals. Deep neu-
ral networks, particularly Recurrent Neural Networks
(RNNs) such as Long Short-Term Memory (LSTM) net-
works and Convolutional Neural Networks (CNNs), have
demonstrated strong capabilities in learning from time se-
ries and image-like data, respectively. Motivated by these
developments, several studies have explored Al-based ap-
proaches for machine fault diagnosis using acoustic sig-
nals. Convolutional Neural Networks (CNNs) have been
widely adopted for acoustic signal analysis due to their
ability to extract spatial and temporal features. In the con-
text of compressor fault diagnosis, CNNs have been used
to analyze Mel spectrograms and Continuous Wavelet
Transform (CWT) images. For instance, a study demon-
strated that CNNs achieved an accuracy of 97% in detect-
ing faults in compressors using acoustic signals (Safaei et
al., 2023). Another study combined CNNs with autoencod-
ers to improve noise resilience, achieving superior perfor-
mance in industrial IoT environments (Jarwar et al., 2023).
Recurrent Neural Networks (RNNs), particularly Long
Short-Term Memory (LSTM), are well suited for analyzing
sequential data such as acoustic signals. A hybrid model
combining CNN and LSTM achieved 99.53% accuracy in
anomaly detection for industrial machines (Yong &
Nugroho, 2022). Similarly, an LSTM-Autoencoder archi-

tecture was proposed for anomaly detection in compres-
sors, leveraging the temporal patterns in audio data (Mob-
tahej et al., 2024). Vision Transformers (ViT) have re-
cently been applied to acoustic signal analysis by convert-
ing audio signals into Mel spectrograms and treating them
as images. A study demonstrated that ViT outperformed
traditional CNNs and other deep learning models in classi-
fying compressor faults (Guo et al., 2023). Autoencoders
have been used for unsupervised anomaly detection in
compressors. A novel architecture combining convolu-
tional VAEs with sparse sampling algorithms achieved
99.91% accuracy in fault diagnosis (Dewangan & Maurya,
2022). These models are particularly effective in noisy en-
vironments and can reduce the impact of noise on feature
extraction. Hybrid models combining CNNs and RNNs
have shown exceptional performance in real-time fault
monitoring. For example, a time-distributed CNN LSTM
model achieved over 99% accuracy in detecting mechani-
cal failures using acoustic signals (Yong & Nugroho,
2022). These models leverage the strengths of both CNNs
and RNNSs, capturing both spatial and temporal features ef-
fectively. From literatures it is found that advances in fea-
ture extraction techniques such as Mel Frequency Cepstral
Coefficients (MFCCs), Continuous Wavelet Transform
(CWT), and Maximal Overlap Discrete Wavelet Packet
Transform (MODWPT), Batch-Normalized Deep Sparse
Filtering (DSF) have further enhanced the accuracy of
these models. MFCCs are widely used in speech and audio
processing due to their ability to represent perceptual fea-
tures of sound. A study incorporating MFCCs with deep
learning models such as LSTM and CNN achieved over
99% accuracy in diagnosing compressor faults (Cabrera et
al., 2024). CWT has been used to convert acoustic signals
into time frequency representations, which are then pro-
cessed by CNNs. This approach has been shown to achieve
high accuracy in fault diagnosis, with one study reporting
97% accuracy (Safaei et al., 2023). MODWPT has been
used to decompose acoustic signals into multiple frequency
bands, allowing for the extraction of time-domain features.
This method, combined with machine learning classifiers,
has been effective in identifying compressor faults (AFIA
et al., 2023). A novel batch-normalized DSF method was
proposed to enhance feature extraction from acoustic sig-
nals. This method achieved superior performance com-
pared to traditional techniques, with faster computation
times (Zhang et al., 2020). Verma et al., (2016) demon-
strated the feasibility of using audio signals for air com-
pressor fault classification by extracting handcrafted fea-
tures and applying classical machine learning classifiers.
However, their approach relied heavily on feature engi-
neering and did not leverage the automatic feature learning
capabilities of deep neural networks (Verma et al., 2016).
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Tsalera et al. (2021) explored transfer learning using pre-
trained CNNs for general audio classification tasks but did
not specifically target industrial fault diagnosis scenarios.
Their work showed the potential of spectrogram-based
learning but lacked application to real-world compressor
faults (Tsalera et al., 2021). Wang et al. (2024) applied
deep learning models to monitor faults in distillation col-
umns using acoustic signals but primarily focused on low-
frequency large in machinery sounds rather than fast-tran-
sient faults typical compressors. Moreover, their method-
ology did not address the challenges of differentiating sim-
ilar-sounding fault modes (Wang et al., 2024). Cabrera et
al. (2024) advanced the field by combining improved Mel-
frequency cepstral coefficients (MFCCs) with deep learn-
ing models for compressor and pump fault classification.
Their results demonstrated the potential of enhanced audio
feature extraction but also highlighted the need for more
generalized models capable of handling diverse fault types
without manual feature tuning (Cabrera et al., 2024). De-
spite these important contributions, several gaps remain in
the current literature. Challenges such as noise interfer-
ence, real-time processing, and data imbalance remain.
Acoustic signals are often contaminated with noise, which
can degrade the performance of deep learning models.
Techniques such as autoencoders and wavelet transforms
have been used to mitigate this issue (Jarwar et al., 2023)
(Dewangan & Maurya, 2022). Real-time fault monitoring
requires models to process signals quickly without been
compromising accuracy. Lightweight architectures such as
CNNs and VAEs have developed to address this challenge
(Jarwar et al., 2023) (Dewangan & Maurya, 2022). In in-
dustrial settings, the amount of fault data available may be
limited compared to normal operating data. Techniques
such as data augmentation and transfer learning have been
employed to handle this issue (Yurdakul & Tasdemir,
2023). Many studies continue to rely heavily on feature-
engineered approaches rather than fully end-to-end deep
learning pipelines capable of autonomously learning rele-
vant representations from raw data. Furthermore, the da-
tasets employed in prior research are often small, limiting
the generalizability and robustness of the models when ex-
posed to real-world noisy industrial environments. Another
important limitation is that very few works specifically fo-
cus on spectrogram-based CNN learning approaches tai-
lored to compressor sound data, where transient, overlap-
ping fault signatures are prevalent and pose significant
classification challenges. In addition, practical deployment
aspects, such as non-intrusive recording setups, real-time
feasibility, and cost-effective implementation strategies,
are rarely addressed, leaving a gap between academic re-
search and industrial application readiness. In response to
these challenges, this study proposes a comprehensive,

scalable, and practical fault diagnosis framework specifi-
cally designed for legacy industrial compressors, utilizing
only acoustic signals and modern deep learning techniques.
The proposed framework aims to learn directly from raw
or minimally processed acoustic representations, such as
Mel-spectrograms, without extensive manual feature engi-
neering. It addresses the challenge of differentiating be-
tween acoustically similar fault types and is designed to
maintain high classification accuracy despite real-world
variability in operating conditions and recording environ-
ments. Additionally, it focuses on achieving low-cost, non-
intrusive deployment, facilitating retrofitting onto existing
compressor installations mechanical modifications or
downtime. While baseline studies such as those demon-
strated by MathWorks illustrate the potential of LSTM
models for compressor fault monitoring, our work with
unidirectional microphones extends this approach in two
significant ways. First, the more advanced architectures of
Bidirectional LSTM (BiLSTM) and spectrogram based
Convolutional Neural Networks (CNNs) capture greater fi-
delity in temporal dependencies and spectral-spatial pat-
terns than standard LSTM. Second, we validate these mod-
els using a real-world simulation, where the trained frame-
work was exposed to previously unseen compressor sound
recordings of different fault types. This simulation step
provides stronger evidence of generalizability and applica-
bility compared to training-only studies. Together, these
contributions highlight a practical pathway for deploying
PHM in legacy compressors, offering a scalable and non-
intrusive solution without the need for additional invasive
sensors. This study presents a deep learning-based acoustic
framework for diagnosing faults in legacy compressors
lacking built-in condition monitoring. Using only non-in-
trusive sound recordings, the framework leverages sequen-
tial (LSTM, BiLSTM) and image-based (CNN) models for
fault classification. Key contributions include: (1) A com-
parative evaluation of LSTM, BiLSTM, and CNN archi-
tectures for analyzing acoustic features and Mel spectro-
grams. (2) Improved robustness through deeper CNNs and
data augmentation. (3) An ensemble voting strategy com-
bining all models for enhanced reliability. (4) Demonstra-
tion of real-world applicability via proof-of-concept de-
ployment using external microphones. The primary objec-
tives were to: (i) evaluate sequential and spectrogram-
based models for fault diagnosis; (ii) improve generaliza-
tion through data augmentation; and (iii) validate deploy-
ment feasibility without hardware modifications. This
work offers a scalable, cost-effective solution for predic-
tive maintenance in process industries.
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2. MATERIALS AND METHODS
2.1. Experimental Setup and Sensor Placement

The acoustic dataset was acquired from a single stage re-
ciprocating air compressor, following the setup in Verma
etal. (2016) placed strategically to minimize noise and cap-
ture fault specific signatures. These were interfaced via an
NI 9234 DAQ module and an NI 9172 USB interface with
LabVIEW managing the acquisition. Each 5-second re-
cording was sampled at 50 kHz, producing 250,000 sam-
ples stored in 24-bit PCM format. To identify the most sen-
sitive microphone location, a Sensitive Position Analysis
(SPA) was performed across 24 locations using statistical
features like RMS, standard deviation, and peak amplitude.
Verma et al. (2016) further refined SPA using an Empirical
Mode Decomposition (EMD)-based approach. Relevant
Intrinsic Mode Functions (IMFs) were selected, denoised,
and processed via Hilbert transform for envelope analysis.
The final sensor position was chosen based on multi-metric
ranking and used consistently for all

deep learning model inputs.

Figure 1. Positions selected for Sensitive Position Analy-
sis (SPA) around the air compressor: (a) Top of the piston
head, (b) Non-return valve (NRV) side, (c) Opposite to
NRYV side, and (d) Opposite to flywheel side.

2.2. Dataset Description

The dataset employed in this study was sourced from the
publicly available Air Compressor Dataset provided by
MathWorks, which originates from experimental record-
ings by Verma et al. (2016). It comprises acoustic record-
ings of a laboratory-scale single-stage reciprocating air
compressor operating under eight distinct conditions:
healthy operation, bearing fault, flywheel fault, leakage in
the inlet valve (LIV), leakage in the outlet valve (LOV),
non-return valve (NRV) fault, piston ring fault, and rider
belt fault. For each operational condition, 225 audio re-
cordings are available, resulting in a total of 1800 record-
ings. Each recording was originally sampled at 50 kHz and
subsequently down sampled to 16 kHz for ease of pro-
cessing and computational efficiency. Prior to down sam-
pling, a built-in anti-aliasing FIR low-pass filter supplied
by MATLAB?’s resample function was applied automati-
cally. The filter attenuates all frequency components above
8 kHz, ensuring that no high-frequency content folds into
the baseband during the reduction from 50 kHz to 16 kHz.
This prevents spectral distortion and ensures that the diag-
nostic content within the typical compressor acoustic range
(0-8 kHz) is preserved without aliasing artifacts. The re-
cordings are approximately 3.125 seconds long, capturing
essential acoustic features that differentiate the various
fault conditions. The dataset is balanced, ensuring that each
fault class is equally represented, thereby minimizing bias
during model training and evaluation. Given its diverse
fault representation and high recording quality, this dataset
provides a robust foundation for developing and bench-
marking sound-based fault diagnosis models.

2.3. Preprocessing

Prior to model development, the raw acoustic signals un-
derwent a series of preprocessing steps aimed at enhancing
the quality and consistency of the input data. All audio files
were resampled to a uniform sampling rate of 16 kHz. To
prepare the data for feature extraction and spectrogram
computation, a Hamming window of 512 samples with
75% overlap was applied to segment the signals into short-
time frames. Subsequently, a 512-point Fast Fourier Trans-
form (FFT) was conducted on each frame to obtain the
spectral representation. Normalization techniques, includ-
ing mean subtraction and standard deviation scaling, were
later applied during feature processing to stabilize the train-
ing dynamics of the deep learning models. This prepro-
cessing pipeline ensures that the subsequent feature extrac-
tion is performed on consistently framed and scaled audio
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signals, allowing the models to focus on the intrinsic acous-
tic characteristics of each fault condition rather than on ir-
relevant variations due to recording artifacts.

2.4. Feature Extraction

To capture the complex time-frequency characteristics in-
herent in compressor sounds, two complementary feature
extraction strategies were adopted in this study.

For sequence models such as LSTM and BiLSTM, a set of
handcrafted spectral features was extracted from each
framed audio segment using MATLAB’s Audio Toolbox.
The selected features included spectral centroid, spectral
crest, spectral decrease, spectral entropy, spectral flatness,
spectral kurtosis, spectral roll off point, spectral skewness,
spectral slope, and spectral spread as shown in Figure 2.
Each of these features captures distinct and physically
meaningful aspects of the sound’s spectral distribution, en-
ergy content, and periodicity, which are known to be sen-
sitive indicators of mechanical faults.

Spectral Spread

Des:

Spectral Slope Q
spectru
s e
/

Figure 2. Spectral Analysis in Fault Detection

The spectral centroid indicates the "center of mass" of the
frequency spectrum and typically shifts higher in the pres-
ence of high-pitched fault noises like bearing defects.
Spectral crest and spectral kurtosis capture peakiness and
sharpness, useful for identifying impulsive faults such as
belt slippage or valve impacts. Spectral decrease and spec-
tral slope describe how energy decays or tilts across fre-
quencies, helping to distinguish tonal versus broadband
noise.

Spectral entropy and flatness reflect randomness and
tone/noise balance—often elevated in faulty or chaotic sig-
nals.

Spectral roll off and spread characterize the energy distri-
bution’s extent and concentration, while skewness high-
lights asymmetry around the centroid. These features were
chosen because they collectively describe not only the
spectral energy distribution but also the structural and sta-
tistical properties of the sound signal, enabling effective
differentiation between healthy and faulty conditions.
Extraction involved segmenting each audio file into short
overlapping frames using a Hamming window, computing
the power spectrum through Fast Fourier Transform (FFT)
for each frame, and then calculating the above features for
sequential input into the LSTM and BiLSTM models.
This approach preserved both spectral and temporal infor-
mation, allowing the sequence models to learn dynamic
patterns over time.

In contrast, for CNN-based models, a different strategy was
employed by transforming the raw audio signals into mel-
spectrograms.

A Mel-spectrogram is a time-frequency representation
where the frequency axis is scaled according to the Mel
scale, better approximating the human auditory perception
of pitch. The process involves segmenting the audio into
frames, computing the FFT, passing the spectral magnitude
through a filter bank consisting of overlapping triangular
filters, applying logarithmic compression to the ampli-
tudes, and finally assembling a two-dimensional time-fre-
quency image.

Unlike handcrafted features, Mel-spectrograms retain the
full structure of how energy is distributed across both time
and frequency. This dense and detailed representation ena-
bles convolutional neural networks to automatically learn
local and global patterns, such as harmonic bands, transient
events, and temporal shifts that are indicative of specific
fault types. The ability of CNNs to hierarchically extract
low-level and high-level features directly from Mel-spec-
trograms removes the need for manual feature engineering
and reduces human bias.

Consequently, spectrogram-based learning is expected to
outperform feature-engineered approaches, particularly
when complex or subtle acoustic variations must be de-
tected.

By preserving the complete time-frequency dynamics of
the compressor sounds, Mel-spectrograms empower the
CNN models to achieve superior fault classification perfor-
mance compared to sequence models relying on statistical
summaries of the signal.
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2.5. Model Architectures

Three deep learning architectures were developed and
evaluated in this study: LSTM, BiLSTM, and CNN.

The LSTM model consisted of a single unidirectional
LSTM layer with 100 hidden units, followed by a fully con-
nected layer and a softmax output layer for classification.
The LSTM was designed to capture the sequential depend-
encies in the acoustic feature sequences across time.

The BiLSTM model extended the LSTM architecture by
incorporating a bidirectional layer that processes the se-
quence both forward and backward. This structure allowed
the model to access both past and future context for each
time step, improving its ability to recognize fault patterns
characterized by symmetric or temporally complex acous-
tic behaviors.

For the CNN model, the input Mel-spectrograms were
passed through a series of convolutional layers with 3x3
kernels, interleaved with ReLU activation functions and
max-pooling layers. Specifically, the architecture included
two convolutional blocks with 32 and 64 filters respec-
tively, followed by a fully connected layer and a softmax
output layer. Dropout regularization with a rate of 0.5 was
employed to mitigate overfitting.

To enhance the robustness of the CNN model, data aug-
mentation techniques such as random time shifting and fre-
quency masking were applied to the spectrograms during
training.

These augmentations simulated real-world variability in
sound recordings and improved the generalization capabil-
ity of the model.

2.6. Training Setup

The dataset was randomly partitioned into training and val-
idation subsets using a 90:10 split ratio. Random shuffling
was performed to ensure that each subset contained a rep-
resentative distribution of all fault classes. The models
were trained using the Adam optimizer with an initial
learning rate of 0.001. A mini-batch size of 32 samples was
employed to balance computational efficiency and gradient
stability.

The learning rate was scheduled to decrease by a factor of
0.1 every 20 epochs to facilitate convergence. Training was
conducted for a maximum of 50 epochs, with early stop-
ping criteria based on validation accuracy to prevent over-
fitting. All experiments were executed on a workstation

equipped with an Intel Core 17 processor, 32 GB RAM, and
an NVIDIA RTX 2080 GPU, leveraging MATLAB’s Deep
Learning Toolbox for model development and training.
Performance was primarily evaluated in terms of overall
validation accuracy. Further metrics such as per-class pre-
cision, recall, F1-score, and confusion matrices were ana-
lyzed to gain deeper insights into model behavior, espe-
cially regarding the differentiation of acoustically similar
fault types.

3. DEEP LEARNING MODELS

Deep learning models have emerged as powerful tools ca-
pable of automatically learning complex representations
from raw or minimally processed data, making them par-
ticularly suitable for fault diagnosis tasks based on acoustic
signals.

Unlike traditional machine learning methods that rely
heavily on handcrafted feature extraction and domain ex-
pertise, deep learning approaches can discover hidden pat-
terns and correlations directly from the data, offering supe-
rior performance and generalization.

In this study, three deep learning architectures were devel-
oped to address the problem of compressor fault diagnosis:
Long Short-Term Memory (LSTM) networks, Bidirec-
tional Long Short-Term Memory (BiLSTM) networks, and
Convolutional Neural Networks (CNN) operating on Mel-
spectrogram representations. Each model was carefully de-
signed to process different forms of input and to exploit
specific characteristics of the acoustic signals. The overall
methodology adopted in this study follows a systematic
pipeline for sound-based compressor fault diagnosis.
First, acoustic recordings of the air compressor under dif-
ferent fault and healthy conditions were collected. These
recordings were preprocessed either by extracting time-fre-
quency acoustic features (for sequence models) or by trans-
forming into Mel-spectrograms (for image-based models).

For sequential feature modeling, Long Short-Term
Memory (LSTM) and Bidirectional LSTM (Belts) net-
works were developed to capture temporal patterns inher-
ent in the acoustic signals. To leverage richer time-fre-
quency representations, a Convolutional Neural Network
(CNN) was designed to operate directly on Mel-spectro-
gram images. Further enhancements were achieved by
building a deeper CNN architecture combined with data
augmentation techniques to simulate real-world variability.
Finally, an ensemble voting strategy integrating the outputs
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of the LSTM, BiLSTM, and CNN models was proposed to
further improve classification reliability, followed by real-
world deployment validation. This section details the
model architectures, training procedures, and evaluation
strategies.

The development of these architectures and their training
strategies are described in the following sections.

3.1 Long Short-Term Memory (LSTM) Network

In acoustic-based fault diagnosis, the input signals exhibit
sequential dependencies, where the current acoustic state
often depends on previous machine behavior. Traditional
feedforward neural networks treat each input inde-
pendently, thus failing to capture these crucial temporal dy-
namics. Recurrent Neural Networks (RNNs) were intro-
duced to overcome this limitation by maintaining internal
states across time steps. However, standard RNNs suffer
from vanishing or exploding gradient problems during
backpropagation through time, leading to poor learning of
long-range dependencies.

The Long Short-Term Memory (LSTM) network, pro-
posed by (Hochreiter & Schmidhuber, 1997), addresses
this issue through the introduction of specialized memory
cells and gating mechanisms. An LSTM unit contains an
input gate, a forget gate, and an output gate. The input
gate controls how much of the new input should enter the
cell state, the forget gate decides which information should
be discarded from the previous state, and the output gate
determines what information should be output to the next
layer.

Through this design, LSTM networks can effectively re-
member important patterns over long time sequences while
discarding irrelevant information, making them ideal for
analyzing complex, evolving acoustic signals.

In the present work, the LSTM network was used to pro-
cess sequentially extracted acoustic features (such as spec-
tral centroid, spectral entropy, flatness, etc.).The architec-
ture implemented in MATLAB software is shown in Figure
3.

Sequence
Input Layer

Fault re’A

Clagsification LU

Softmax Layer

Figure 3. LSTM network architecture for fault detection

The overall LSTM model training and deployment work-
flow is summarized in Figure 4 and Table 1.

Real-Time
nference

Model Saving

Predic faut clss

ettt | DefnelSTH Save e raned usig raned LSTM
arhiteciure LSTM model Mo
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Preprocessing Deployment | Output

Trainthe LSTH Setup Display the predicted
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Organze normalized TEAD Record sound data

features s

Figure 4. LSTM model training and deployment workflow
for compressor fault detection.
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1. Input:
Acoustic recordings from air compressor
under various operating conditions.
2. Preprocessing:
For each audio file, extract handcrafted
acoustic features: spectral centroid, spec-
tral crest, spectral decrease, spectral en-
tropy, spectral flatness, spectral kurtosis,
and spectral roll off point, spectral skew-
ness, spectral slope, and spectral spread.
3. Feature Normalization:
Normalize the extracted features using
mean and standard deviation calculated
over the training set.
4. Sequence Preparation:
Organize the normalized features as se-
quences suitable for LSTM input.
5. Network Design:
Define an LSTM architecture consisting
of:
o Sequence input layer,
o LSTM layer with 100 hidden
units,
o Fully connected layer with eight
neurons (one per fault class),
o Softmax layer,
o Classification layer.
6. Training:
Train the LSTM network using the Adam
optimizer with mini-batch stochastic gra-
dient descent. Monitor validation accuracy
during training.
7. Model Saving:
Save the trained LSTM model along with
normalization parameters for deployment.
8. Deployment Setup:
In the real-world system, record sound
data through external microphone in short
continuous windows (e.g., 5 seconds).
9. Real-Time Inference:
For each buffered audio segment:
o Extract features,
O
o Normalize using stored mean and
standard deviation,
o Predict fault class using the
trained LSTM model.
10. Output:
Display the predicted fault condition on
the user interface.

Table 1. Algorithm for LSTM Model Training and
Deployment

The LSTM model's ability to capture the temporal
evolution of sequential features helped distinguish
different fault conditions based on their characteris-
tic progression overtime. However, it was inherently
limited by its unidirectional information flow, as it
could only use past context to predict the current
state.

3.2. Bidirectional Long Short-Term Memory
(BIiLSTM) Network

While LSTM networks improve upon traditional
RNNs by modeling temporal dependencies, they are
restricted to learning from past inputs only.
In many acoustic fault scenarios, the current sound
characteristics can depend on both preceding and
succeeding events. Bidirectional LSTM (BiLSTM)
networks address this challenge by incorporating
two LSTM layers: one processing the sequence in
the forward direction (past to future), and the other
in the backward direction (future to past). By com-
bining information from both directions, BiLSTM
networks provide a richer and more complete repre-
sentation of the acoustic sequence, enabling im-
proved discrimination of overlapping or symmetric
fault signatures. This feature is especially valuable
when subtle differences, such as between LIV and
LOV valve leakages, must be detected. The archi-
tecture of the BiLSTM network used in this study
was similar to the LSTM, but replaced the single
LSTM layer with a BILSTM Layer comprising 150
hidden units in each direction. The dropout Layer
with a rate of 0.2 was introduced between the
BiLSTM layers to prevent overfitting by randomly
deactivating neurons during training. The second
BiLSTM layer was configured with the 'last' output
mode to produce a fixed-size output vector for final
classification. The overall LSTM model training and
deployment workflow is summarized in Table 2.
BiLSTM architecture block diagram shown in Fig-
ure 5. The BiLSTM model demonstrated better per-
formance than LSTM by utilizing bidirectional con-
text, leading to improved recognition of temporally
complex fault patterns.

BiLSTM Architecture Block Diagram

Forward

/ LSTH

Input Concat

(Features) &FC
\ Backward

LSTM

— Softmax —— Output

Figure 5. BiILSTM architecture block diagram
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10.

Input: Acoustic recordings from air com-
pressor under various operating conditions.
Preprocessing: For each audio file, extract
handcrafted acoustic features: spectral cen-
troid, spectral crest, spectral decrease, spec-
tral entropy, spectral flatness, spectral kurto-
sis, and spectral roll off point, spectral skew
ness, spectral slope, and spectral spread.
Feature Normalization: Normalize the ex-
tracted features using mean and standard de
viation calculated over the training set.
Sequence Preparation: Organize the nor-
malized features as sequences suitable for
BiLSTM input.

Network Design:

Define a BiILSTM architecture consisting of]

o Sequence input layer,

o Bidirectional LSTM layer with 150
hidden units in each direction,

o Dropout layer to prevent overfit-
ting,

o Fully connected layer with eight
neurons (one per fault class),

o Softmax layer,

o Classification layer.

Training: Train the BILSTM network using
the Adam optimizer with mini-batch sto-
chastic gradient descent.

Shuffle the data every epoch to improve
generalization.

Model Saving: Save the trained BILSTM
model along with normalization parameters
for deployment.

Deployment Setup: Record real-time sound
data using an external microphone in over-
lapping 5-second buffered segments.
Real-Time Inference: For each buffered
segment:

o Extract features,

o Normalize using stored mean and
standard deviation, Predict fault
class using the trained BiLSTM
model.

Output: Display the predicted fault condi-
tion on the user interface.

Table 2. Algorithm for BILSTM Model Training
and Deployment

Table 2. Algorithm for BILSTM Model Training
and Deployment

3.3. Convolutional Neural Network (CNN) on Mel-
Spectrograms

Although LSTM and BiLSTM models effectively
learn from extracted sequential features, they rely on
handcrafted feature sets that may not fully capture the
intricate fault-related structures present in raw sound
signals. To leverage the full richness of the acoustic
data, a Convolutional Neural Network (CNN) was de-
veloped to operate directly on Mel-spectrogram repre-
sentations of the audio recordings. A Mel-spectrogram
is a two-dimensional time-frequency representation
where the frequency axis is scaled logarithmically ac-
cording to the Mel scale to better match human hearing
perception. In this format, local patterns such as har-
monics, transient bursts, and modulations appear as
distinguishable visual structures, making the spectro-
grams highly suitable for CNN-based feature learning.
The CNN architecture developed in this study is shown
in Figure 6.

Softmax & Classification  [[77]

Calculates output probability and loss

@

Output Neurons

Generates 8 neurons for fault classes

Dropout fafd

Prevents overfitting with a 0.5 rate

Fully Connected

Maps features to a compact embedding

Convolution Blocks

Extracts features using 3x3 kernels

Image Input

Accepts grayscale spectrogram images

Figure 6. CNN architecture hierarchy

The Mel-spectrograms are inherently single-channel
representations. To maintain compatibility with stand-
ard CNN architectures originally designed for RGB
images, the same Mel-spectrogram was replicated
across three channels. This replication does not intro-
duce new information nor partition the spectrum into
distinct bands; instead, it preserves the original ampli-
tude information while satisfying the network input di-
mensionality requirements. During training, data aug-
mentation strategies such as random time shifting and
frequency masking were applied to the Mel-spectro-
grams to simulate real-world variability and improve
the generalization capability of the CNN model.
Table 3 summarizes the algorithm for CNN model
training and deployment. By learning hierarchical
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features directly from spectrogram images without
manual feature selection, the CNN is expected to
achieve the highest fault classification accuracy
among all the models tested.

3.4. Data Augmentation Strategies Deep learning
models, particularly convolutional neural networks,
are known to require large and diverse datasets to
achieve optimal generalization. However, in practi-
cal fault diagnosis scenarios, the available labeled
data is often limited due to the difficulty of capturing
multiple instances of various fault conditions, espe-
cially in industrial environments. Moreover, real-
world operating conditions introduce variabilities
such as background noise, load fluctuations, and mi-
nor mechanical variations that are not always repre-
sented in the training data. To mitigate the risk of
overfitting and to simulate these real-world variabil-
ities, data augmentation techniques were employed
during the training of the CNN model. Data augmen-
tation in this study was performed on the Mel-spec-
trogram images generated from the audio record-
ings. Random time shifting was applied at the spec-
trogram level to simulate variations in the temporal
alignment of fault-related patterns within a fixed-
length observation window. While this operation
does not alter the local spectral content computed by

the FFT, it prevents the CNN from overfitting to
fixed temporal positions of discriminative patterns
and encourages translation-invariant learning. The
second technique was random frequency masking,
where a narrow band of frequencies was randomly
suppressed in the spectrogram. This simulates the ef-
fect of environmental noise or partial frequency loss,
encouraging the CNN to rely on broader patterns ra-
ther than specific narrowband features. Both aug-
mentation techniques were implemented online dur-
ing training using random generators, ensuring that
the model was exposed to slightly different versions
of the input each epoch. This effectively enlarged
the training dataset without requiring new data col-
lection and helped the model to learn more invariant
and generalizable feature representations. The ad-
vantages of data augmentation are multifold. First, it
reduces overfitting by preventing the network from
memorizing training samples. Second, it enhances
the model’s ability to generalize to unseen compres-
sor sounds recorded under slightly different operat-
ing or recording conditions. Third, it improves the
CNN's resilience against minor distortions or noise,
which is crucial for reliable fault detection in real in-
dustrial deployments. Thus, data augmentation
played a critical role in bridging the gap between la-
boratory training conditions and expected real-world
performance.

1. Input: Acoustic recordings from air compressor under various operating conditions.
2. Preprocessing: For each audio file, compute the Mel-spectrogram representation:
o Apply short-time Fourier transform (STFT) with a fixed window and overlap,
o Map the frequency axis onto the Mel scale,
o Apply logarithmic compression to the spectrogram magnitudes.
3. Data Rescaling: Rescale the spectrogram pixel values to the range [0, 1].
4. Spectrogram Formatting: Replicate the single-channel Mel-spectrogram into three channels (RGB

format) to match CNN input requirements.

5. Network Design: Define a CNN architecture consisting of:
o Input layer for 227x227x3 spectrogram images,
o Two convolutional blocks (each with a convolution layer, ReLU activation, and max pool-

ing),

O O O

Fully connected layer with 128 neurons,
Dropout layer to prevent overfitting,
Fully connected output layer with eight neurons (one per fault class),

o Softmax layer and classification output layer.
6. Training: Train the CNN using the Adam optimizer with mini-batch stochastic gradient descent.
Use standard mini-batch training without data augmentation.
7. Model Saving: Save the trained CNN model along with spectrogram preprocessing parameters.
8. Deployment Setup: In the real-world system, record sound through an external microphone in short,

buffered windows (e.g., 5 seconds).

9. Real-Time Inference: For each buffered audio segment:

o Compute Mel-spectrogram,
o Rescale and replicate channels,

o  Classify using the trained CNN model.

10. Output: Display the predicted fault class on the user interface.

Table 3. Algorithm for CNN Model Training and Deployment
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1. Input:

Acoustic recordings from air compressor under various operating conditions.

2. Pre-processing:

For each audio file, compute the Mel-spectrogram representation:
o Apply short-time Fourier transform (STFT) with defined window length and overlap,

o Map frequency axis onto the Mel scale,

o Apply logarithmic compression to reduce dynamic range.

W

Data Rescaling: Rescale Mel-spectrogram magnitudes to the [0, 1] range.

4. Spectrogram Formatting: Replicate the single-channel Mel-spectrogram to form a three-channel (RGB) image

suitable for CNN input.
5. Data Augmentation (Training Phase Only):

o  Apply random time shifts to the spectrograms,

o  Apply random frequency masking (simulating frequency loss),

o  Apply small amplitude scaling variations,

o Apply minor noise addition to simulate real-world variability.

6. Network Design:
Define a deeper CNN architecture consisting of:

o Input layer for 227x227x3 spectrogram images,

o Four convolutional blocks (each with convolution layer, ReLU activation, batch normalization, and max

pooling),
Fully connected layer with 256 neurons,

O O O

Dropout layer with 0.5 dropout rate to prevent overfitting,
Fully connected output layer with eight neurons (one per fault class),
o Softmax layer and classification output layer.

7. Training: Train the CNN using the Adam optimizer with mini-batch stochastic gradient descent.
Apply online data augmentation dynamically during each training epoch.
8. Model Saving: Save the trained deeper CNN model along with preprocessing parameters.

9. Deployment Setup:

In real-world deployment, record live sound, compute Mel-spectrogram, rescale values, replicate channels.

10. Real-Time Inference:

Feed each processed spectrogram into the trained deeper CNN model to classify the fault condition.

11. Output: Display the predicted fault class on the user interface.

Table 4. Algorithm for Deeper CNN Model with Data Augmentation for Fault Diagnosis

3.5 Advantages and Rationale for Progressive Model
Development: To systematically assess the effectiveness
of deep learning techniques for compressor fault diagnosis,
we adopted a progressive model development strategy—
starting with simple sequential models and gradually in-
creasing architectural complexity and training rigor. Figure
7 summarizes the comparison of different models. The
LSTM model serves as the baseline, leveraging sequential
acoustic features to capture temporal dependencies in
sound. Its architecture is particularly effective for detecting
faults with dynamic acoustic patterns that unfold over time.
However, its unidirectional processing limits its under-
standing of future context, which may be critical in cases
of subtle or overlapping fault signatures. To address this
limitation, the BiILSTM model was introduced as a logical

extension. By incorporating both forward and backward
temporal context, the BILSTM improves fault recognition,
particularly in cases where the acoustic pattern evolves in
a more symmetric or temporally entangled manner. This
model enhances sequence learning without altering the in-
put feature extraction strategy. Building on these sequential
approaches, a shift was made toward spatial learning with
the CNN model, which operates directly on Mel-spectro-
grams. These time-frequency representations allow the
CNN to learn localized spectral features and spatially dis-
tributed patterns associated with different fault conditions.
The CNN architecture eliminates the need for handcrafted
feature engineering and enables automatic extraction of
relevant fault information from raw sound data. Finally, to
further improve generalization and robustness in real-

11
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world scenarios, we employed CNN with data augmenta-
tion. This variant introduces controlled variability during
training— such as frequency masking and time shifting—
to simulate real-world noise and signal distortions. The re-
sult is a more resilient model capable of maintaining high
accuracy across diverse operational and environmental
conditions. This tiered modeling framework—progressing
from LSTM to BiLSTM, then to CNN, and finally to CNN

with data augmentation—reflects an intentional design phi-
losophy: to incrementally increase the modeling capacity
while testing each advancement in complexity against the
practical demands of fault diagnosis. This approach en-
sures that each model is evaluated not just in terms of raw
performance but also in terms of interpretability, training
requirements, and deployment readiness.

Model Comparison

N I N N =

TS Input Type features

Sequential acoustic Sequential acoustic
features images

Mel-specirogram Augmented

spectrogram images

Improved

Figure 7. Model comparison

4. RESULTS
4.1 Model Training and Convergence Behavior:

The training of the LSTM, BiLSTM, and CNN models was
monitored by plotting training and validation accuracies
across epochs. Figure 8 shows the typical Training and
Validation Accuracy vs. Epochs for BILSTM model. For
all models, convergence was achieved within 50 epochs
without severe overfitting, indicating the effectiveness of
the early stopping and learning rate decay strategies. The
LSTM model exhibited steady improvement during train-
ing, reaching a validation accuracy plateau around 92%.

The BiLSTM model demonstrated a faster convergence
rate and achieved a higher final validation accuracy of ap-
proximately 94%. The CNN model, trained on Mel-spec-
trograms, showed the best convergence behavior, with val-
idation accuracy reaching 96.6% initially. After applying
data augmentation, the CNN model further improved to a
near-perfect 98.3% validation accuracy.

For the healthy class, precision and recall should be inter-
preted in terms of false alarm behaviour rather than fault
detection sensitivity. A recall value below 100% indicates
occasional misclassification of healthy conditions as faults,
which corresponds to false alerts in practical deployment.

12
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Figure 8. Training and Validation Accuracy vs. Epochs for BILSTM model
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Figure 9. Confusion Matrix for LSTM Model
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Figure 10. Confusion Matrix for BILSTM Mode
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Figure 11. Confusion Matrix for CNN Model (without Data Augmentation)
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Figure 12. Confusion Matrix for CNN Model (with Data Augmentation)
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Metric Description Mathematical For-
mula
Precision Correctly pre- | Precision =TP / (TP
dicted positive ob- | + FP)
servations out of
total predicted
positives
Recall Correctly pre- | Recall = TP / (TP +
dicted positive ob- | FN)
servations out of
total actual posi-
tives
F1-Score Harmonic mean of | F1 =2 X (Precision x
Precision and Re- | Recall) / (Precision
call + Recall)
Accuracy Overall proportion | Accuracy = X TP; /
of correctly classi- | Total Samples
fied samples
Macro-F1 Average F1-Score | Macro-F1 = (1/N) x
Score across all fault | X F1;
classes

Note: TP = True Positives, FP = False Positives, FN = False
Negatives, and N = number of classes.

Table 5. Key Performance Indicators (KPIs) and Their Math-
ematical Definitions

4.2 Confusion Matrices

Confusion matrices were generated for each model to visual-
ize classification performance across the eight fault catego-
ries. As evident from confusion matrix of LSTM model in
Figure 9, LSTM model correctly classified most healthy and
severe fault conditions but showed notable confusion be-
tween bearing faults and flywheel faults, and between LIV
and LOV valve leakages. From the Confusion Matrix for
BiLSTM Model in Figure 10 it is concluded that the BILSTM
model reduced confusion significantly, especially for valve
faults, indicating the advantage of bidirectional temporal con-
text. The CNN model achieved almost perfect classification
across all fault types, with only a few isolated misclassifica-
tions remaining prior to augmentation as evident from Figure
11. After augmentation, the CNN confusion matrix became
almost diagonal, indicating nearly flawless fault identifica-
tion as depicted in Figure 12.

4.3 Results and Analysis of Model Performance Metric
Description

In addition to overall accuracy, per-class metrics were com-
puted, including Precision, Recall, and F1 Score for each
fault category. Table 5 summarizes Key Performance Indica-
tors (KPIs) for classifications and their Mathematical Defini-
tions. Compared to LSTM, most fault categories saw im-
provements of 1-2 percentage points in both recall and pre-
cision. Table 6 presents the performance of the LSTM model,
which achieved an overall accuracy of 92.04% and a macro-
averaged Fl-score of 92.03%. While the model effectively
captures temporal patterns from sequential audio data, certain
fault classes such as Flywheel Fault and Bearing Fault
demonstrated slightly lower precision and recall scores, indi-
cating difficulty in classifying these acoustically similar con-
ditions. Table 7 summarizes the BiLSTM model results,
which outperformed the unidirectional LSTM with an accu-
racy of 94.01% and macro-F1 of 93.94%. The bidirectional
structure helps incorporate both forward and backward tem-
poral dependencies, leading to better identification of subtle
signal transitions in classes like Bearing Fault and LOV. Ta-
ble 8 outlines the performance of the CNN model. Trained on
Mel-spectrograms without augmentation. It achieved a supe-
rior accuracy of 96.59% and macro-F1 of 96.62%. The use of
spectrograms enables the CNN to extract rich time—fre-
quency domain features, resulting in sharper classification
boundaries. The highest gains were observed in distinguish-
ing overlapping conditions such as NRV and Piston Fault.
Table 9 highlights the results from the deeper CNN architec-
ture with data augmentation. This configuration yielded an
even higher accuracy of 98.29% and macro-F1 of 98.24%.
The improvement reflects the model's enhanced generaliza-
tion ability due to augmented spectrograms, which introduce
variability during training. Faults like Bearing Fault and
Rider Belt reached near-perfect scores, confirming the ro-
bustness of this approach.

Fault Precision | Recall | F1-Score (%)
Type (%) (%)

Healthy 100 95.5 97.7
Bearing 90.5 86.4 88.4
Flywheel 85.7 81.8 83.7
LIV 95.5 95.5 95.5
LOV 87.5 95.5 91.3
NRV 91.7 100 95.7
Piston 87 90.9 88.9
Rider belt 100 90.9 95.2

Overall Accuracy: 92.04%Overall Macro-F1 Score: 92.03%

Table 6. LSTM Model Precision, Recall, and F1-Scores by
Fault Type
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Fault Type Precision Recall F1-
(%) (%) Score
(%)
Healthy 100 95.5 97.7
Bearing 87 90.9 88.9
Flywheel 90.9 90.9 90.9
LIV 95.2 90.9 93
LOV 87.5 95.5 91.3
NRV 100 95.5 97.7
Piston 90.9 90.9 90.9
Rider belt 100 100 100
Overall Accuracy: 93.75% Overall Macro-F1 Score:
93.79%

Table7. BILSTM Model Precision, Recall, and F1-Scores by
Fault Type

Fault Type | Precision Recall F1-Score
(%) (%) (%)
Healthy 100 100 100
Bearing 91.3 95.5 933
Flywheel 95 86.4 90.5
LIV 91.3 95.5 933
LOV 100 100 100
NRV 100 100 100
Piston 95.7 100 97.8
Rider belt 95.2 90.9 93
Overall Accuracy: 96.02 % Overall Macro-F1 Score:
96.00%

Table 8. CNN Model Precision, Recall, and F1-Scores by
Fault Type

Fault Type | Precision Recall F1-Score
(%) (%) (%)

Healthy 100 100 100

Bearing 91.7 100 95.7

Flywheel 100 90.9 95.2

LIV 91.7 100 95.7

LOV 100 100 100

NRV 100 100 100

Piston 100 100 100

Rider belt 100 90.9 95.2

Overall Accuracy: 97.72%
97.72%

Overall Macro-F1 Score:

Table 9.CNN Model with data augmentation Precision, Re-
call, and F1-Scores by Fault Type

4.4. Statistical Rigor

Cross-Validation to assess model stability, a 5-fold cross-
validation was conducted on the CNN model with augmenta-
tion. The resulting average validation accuracy was 97.72%
+ 0.4%, demonstrating excellent consistency across different
train-test splits. This small standard deviation confirms that
the model's high performance is not a result of overfitting to
a particular subset of the data.

4.5. Summary of Model Performance

Table 10 compares the overall metrics across all four models.
As shown, a clear progression in accuracy and macro-F1
score is evident from LSTM (92.04%) to BiLSTM (94.01%)
to CNN (96.59%) and ultimately to CNN with data augmen-
tation (98.29%). This validates the deliberate modeling strat-
egy adopted in this study: starting with temporal sequence
modeling and advancing toward more abstract and spatial
feature learning.

Approach | Reported Expected Industrial
Accuracy Fault Toler- | Reliability
(%) ance
Single 97.72 Low (Single | Moderate
Model error  propa-
(CNN only) gates)
Ensemble 100 High (2 mod- | Excellent
(2-out-of-3 els needed to
Voting) fail simulta-
neously)

Table 10. Overall Model Performance Comparison Table.

The performance differences across models were relatively
modest. For example, the BiLSTM achieved a 1.76% in-
crease in accuracy over the LSTM, while the CNN provided
an approximate 2% improvement. These incremental gains
highlight the progressive benefit of increasing model com-
plexity across all tables, ensuring that overall accuracy and
F1-score are consistently presented, so that cross-comparison
is clearer. While the individual deep learning models demon-
strated commendable performance in detecting and classify-
ing various compressor faults, each model exhibits unique
strengths and minor limitations under different fault scenar-
i0s. To further improve diagnostic robustness and reduce the
likelihood of misclassification under noisy or ambiguous
conditions, we explored an ensemble-based framework that
strategically combines predictions from multiple base learn-
ers. This approach aims to capitalize on the diversity of the
individual models and deliver a more resilient fault diagnosis
system suitable for industrial deployment. Decision frame-
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work was proposed in this study, leveraging the complemen-
tary strengths of different deep learning models. Specifically,
three independently trained models — LSTM, BiLSTM, and
CNN — were utilized to perform fault classification on the
same acoustic input. Each model independently predicted a
fault class based its learned representations. A 2-out-of-3 ma-
jority voting strategy was then applied to determine the final
fault class (refer Figure 13). If two or more models agreed on
the same class label, that class was assigned as the final diag-
nosis. In cases where all three models predicted different
classes, the system flagged the instance as "Uncertain" for
further review, avoiding premature or unsafe decision-mak-
ing.

4.6 Ensemble-Based Fault Diagnosis Framework
Industrial deployment of fault diagnosis systems demands
not only high classification accuracy but also reliability, ro-
bustness, and trustworthiness of the predictions. To address
these requirements, an ensemble-based mechanism enhances
the overall reliability of the system by reducing the influence
of any single model's errors or uncertainties. Moreover, it
aligns with industrial best practices where redundant and vot-
ing-based architectures are commonly used in safety-critical
monitoring systems. The ensemble approach balances com-
putational feasibility with improved credibility, making it
particularly suitable for practical deployment in chemical
process plants where compressor failure could lead to signif-
icant operational risks.

Table 11 illustrates the improvement in industrial reliability
achieved through ensemble learning. While the standalone
CNN model delivers high accuracy, the 2-out-of-3 voting en-
semble framework enhances fault tolerance by requiring sim-
ultaneous misclassification from multiple models, thereby
ensuring excellent robustness for real-world deployment. To
evaluate the diagnostic completeness of the ensemble model,
recall was computed for each fault category using the 2-out-
of-3 voting mechanism. Across all eight classes, the ensem-
ble achieved 100% recall on the unseen dataset, indicating
that no fault types were entirely missed. The voting strategy
effectively prevented single-model misclassifications from
suppressing true fault predictions, thereby improving fault
coverage. During evaluation, no failure class exhibited zero-
recall behavior, confirming that the ensemble did not omit
any true faults under the imposed voting criterion.

-
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Fault Class

Prediction

No
\L Yes
Glass

Class
Enhanced
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Best
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Practical
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Figure 13. Ensemble based decision framework for fault clas-
sification

Approach | Re- Expected Fault | Indus-
ported Tolerance trial
Accu- Relia-
racy (%) bility

Single 97.72 Low (Single error | Moder-

Model propagates) ate

(CNN only)

Ensemble 100 High (2 models | Excel-

needed to fail | lent
simultaneously)

(2-out-of-3
Voting)

Table 11. Reliability Improvement Table
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5. DISCUSSION AND INTERPRETATION OF RE-
SULTS

The experimental results presented in Section 4 underscore
the progressive improvement in compressor fault classifica-
tion accuracy as the model complexity increases from LSTM
to BiLSTM and finally to CNN with data augmentation.
Moreover, the ensemble-based framework further enhances
classification robustness by integrating complementary
strengths of individual models. Compared to prior studies
(e.g., Verma et al., 2016; Cabrera et al., 2024), which used
handcrafted features, the proposed CNN delivered superior
accuracy via end-to-end learning. Still, limitations exist—
real-world industrial settings may introduce background
noise, computational demands, and unforeseen fault types not
addressed in this study. Despite these, consistency the
(£0.4%) strong cross-validation and minimal sensor require-
ment make this a promising, cost-effective tool for fault mon-
itoring in legacy compressors. The experimental results re-
veal a clear progression in fault classification performance as
model complexity increases—from LSTM to BiLSTM, and
finally to CNN with data augmentation. The ensemble frame-
work further boosts reliability by combining model predic-
tions. Sequential models like LSTM and BiLSTM captured
temporal dynamics effectively, with BILSTM (94% accu-
racy) outperforming LSTM (92%) due to its ability to process
bidirectional context. This was particularly helpful in recog-
nizing symmetric faults such as LIV and LOV. CNN models,
trained on Mel-spectrograms, demonstrated a significant leap
in performance. They learned rich time-frequency features
automatically and achieved 96.6% accuracy, further improv-
ing to 98.3% with data augmentation. Spectral variations in-
troduced via augmentation enhanced generalization, yielding
a macro-F1 score of 98.6%.

5.1 Benefit of Ensemble Approach

To enhance robustness, an ensemble model with a 2 out-of-
3 majority voting strategy was introduced. This method mit-
igates occasional misclassifications by leveraging consensus
among the LSTM, BiLSTM, and CNN models. The ensemble
reduces susceptibility to individual model errors and aligns
with industry best practices that favor redundancy in critical
systems. This is especially important for high-stakes equip-
ment like compressors, where misdiagnosis can result in ma-
jor operational or financial losses. While the system performs
well in controlled conditions, deployment in dynamic envi-
ronments may require additional strategies like periodic re-
training or adaptive learning to counter performance drift due
to noise, equipment aging, or evolving fault patterns.

6. DEPLOYMENT AND REAL-WORLD SIMULATION

The proposed framework targets legacy compressors that
lack built-in condition monitoring. Its non-intrusive, low-cost

design makes it suitable for scalable adoption without me-
chanical modifications or downtime. External microphones
connected to a data acquisition system or embedded device
(e.g., Jetson Nano, Raspberry Pi) enable near-real-time fault
diagnosis.

To evaluate the generalization performance of the proposed
framework beyond the training dataset, an additional set of
20 previously unseen compressor recordings was collected
specifically for simulation-based validation. These record-
ings originated from a laboratory-scale single-stage recipro-
cating compressor operated independently from the dataset
used for model development. The recordings were generated
under controlled but realistic operating conditions using the
same external microphone configuration described earlier,
ensuring consistency in acoustic capture characteristics while
providing new fault signatures that the models had never en-
countered during training.

The 20 recordings covered a diverse distribution of fault sce-
narios to ensure balanced representation of common mechan-
ical issues. The breakdown was as follows: Healthy (3 re-
cordings), Bearing Fault (3), Flywheel Fault (3), Leakage in
Inlet Valve—LIV (3), Leakage in Outlet Valve—LOV (3),
Non-Return Valve—NRYV Fault (2), Piston Ring Fault (2),
and Rider Belt Fault (1). Each recording was 5 seconds long,
sampled at 50 kHz and down sampled to 16 kHz following
the same preprocessing pipeline applied to the primary da-
taset. This balanced distribution allowed us to evaluate the
robustness of fault differentiation, particularly for acousti-
cally similar modes such as LIV and LOV.

A 5-second overlapping buffering strategy was employed to
supply adequate input for BiILSTM and CNN models. Pre-
processing into Mel-spectrograms introduced a latency of ~5
seconds, acceptable given the slow evolution of compressor
faults. To evaluate generalization, we conducted a real-world
simulation by exposing the trained models to 20 previously
unseen compressor recordings representing diverse fault sce-
narios. The CNN model achieved 95% accuracy, with only
one misclassification between acoustically similar valve
leakages (LOV vs. LIV). These results indicate that models
trained on open datasets can generalize effectively with new
recordings. We also developed a lightweight MATLAB-
based application integrating audio capture, preprocessing,
and GUI-based fault visualization. The inference pipeline ex-
ecuted in under 2 seconds on a standard laptop, confirming
feasibility for near-real-time monitoring. It is important to
emphasize that this study represents a simulation stage, not
full industrial deployment. Several challenges remain: back-
ground plant noise and overlapping machine sounds, simul-
taneous and evolving fault modes, and extended operating
variability. These will form the scope of future validation.
Nevertheless, the present simulation demonstrates that the
framework has been designed with deployment constraints in
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mind: reliance on non-intrusive sensing, ability to run on
modest hardware, and robustness augmentation, enhanced
through data. Finally, accessibility and repeatability are key
strengths of the framework. Because the models were trained
on a publicly available dataset and implemented using stand-
ard deep learning toolboxes, replication is straightforward.
The simulation with unseen recordings can be repeated with
alternative data, ensuring flexibility and transparency.

7. CONCLUSION

This study developed a deep learning-based framework for
fault diagnosis in reciprocating air compressors using non-
intrusive acoustic analysis. Addressing the gap in monitoring
legacy systems, the framework demonstrated that external
sound recordings—when processed through advanced neural
networks—could reliably identify multiple fault types.
Model performance improved progressively from LSTM
(92% accuracy) to BiLSTM (94%), and further to CNNs
trained on Mel-spectrograms (96.6%). Data augmentation en-
hanced CNN performance to 98.3%, with a macro F1-score
of 98.6%. These results highlight the advantage of spectro-
gram-based CNNs in capturing rich time frequency features
compared to sequential models. Robustness was confirmed
through confusion matrices, per-class precision/recall, and 5-
fold cross-validation. Importantly, a real-world simulation
with unseen compressor recordings achieved 95% accuracy,
indicating generalizability beyond the training dataset. The
lightweight design and modest computational requirements
underscore the framework’s suitability for retrofitting legacy
compressors. However, this work should be viewed as a
proof-of concept simulation rather than an industrial deploy-
ment. Future work will address validation under noisy plant
conditions, handling simultaneous and evolving faults, and
incorporating adaptive retraining for long-term use. Overall,
the proposed framework represents a practical, scalable path-
way for integrating predictive maintenance into legacy com-
pressor systems, supporting the broader transition to smart
manufacturing and PHM-enabled operations.
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