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Abstract—In Industry 4.0, companies focus on predictive
maintenance to reduce expenses and limit asset depreciation.
We actively investigate anomaly detection as a way to identify
potential equipment failures. Given the critical role of rotating
machines in various industrial applications, our study examines
how images generated from the signals of rotating machine com-
ponents can aid in modeling a classification network for detecting
anomalies. We utilized the MIMII dataset and implemented
classification techniques using Spectrogram, Mel Spectrogram,
and MFCCs methods derived from both anomalous and normal
signals. We employed the generated images in a Convolutional
Neural Network to distinguish between anomalous and normal
instances. The Mel spectrogram clearly outshined the other
methods, particularly when faced with fluctuations in signal
noise. At an SNR of 6 dB, it achieved remarkable accuracy
and recall scores of 0.99 and 0.98, respectively. Even when the
conditions worsened to -6 dB, the Mel spectrogram still delivered
impressive results, boasting an accuracy of 0.87 and a recall of
0.90, which underscores its remarkable stability and performance
under challenging conditions. In comparison, the traditional
Spectrogram recorded both accuracy and recall at 0.85 in the
same -6 dB scenario, while the MFCC Spectrogram lagged behind
significantly, with scores of only 0.74 for accuracy and 0.66 for
recall. These findings highlight the Mel spectrogram’s superior
effectiveness in tackling noisy environments. This work sets the
stage for developing a framework that enhances machine learning
techniques for detecting anomalies in industrial machinery.

Index Terms—industry 4.0, predictive maintenance, rotating
machines, machine learning, anomaly detection

I. INTRODUCTION

Predictive maintenance has emerged as an essential ap-
proach in industrial operations, aiming to minimize unplanned
downtime, extend equipment lifespan, and optimize mainte-
nance schedules. This approach is closely related to anomaly
detection, which focuses on identifying deviations from nor-

mal operational behavior that may indicate potential failures.
Early detection of such anomalies is imperative for preventing
costly interruptions and ensuring system reliability [1].

In recent years, machine learning (ML) techniques have be-
come important tools for predictive maintenance and anomaly
detection. These methods enable the analysis of vast amounts
of sensor data to uncover patterns and identify irregularities
that traditional rule-based systems might miss [2]. In this
context, deep learning models have demonstrated significant
performance improvement in capturing complex relationships
within data, leading to more accurate and timely detection of
equipment anomalies [3].

A critical factor influencing the performance of ML models
in anomaly detection is the representation of input data. The
way raw sensor data, such as audio signals, is transformed
into features can significantly impact a model’s ability to
distinguish between normal and anomalous behavior. Effective
data representation is crucial for improving model accuracy
and robustness, particularly in noisy environments.

Although deep learning models are increasingly adopted
for anomaly detection in audio-based predictive maintenance,
there is a lack of studies comparing different data represen-
tation techniques under varying noise conditions [4]. Many
existing research works on anomaly detection, such as the
ones developed by Neto et al. [5] and Meraneh et al. [6], focus
on the anomaly detection models and do not perform a com-
parative analysis between different representation techniques
[7]. Other studies, like the one developed by Wang et al. [8],
explore representation techniques but do not account for the
impact of varying noise levels. This gap becomes particularly
relevant in industrial environments, where background noise
is often unavoidable and can significantly interfere with the



extraction of meaningful signal features [9].
This study addresses a gap in the field by conducting a

comparative analysis of three commonly used audio represen-
tations: Spectrogram, Mel Spectrogram, and Mel Frequency
Cepstral Coefficients (MFCCs). We evaluated the effective-
ness of these representations for anomaly detection using
the MIMII dataset [9], which includes audio recordings of
industrial machinery operating under both normal and faulty
conditions, with varying levels of background noise. We input
each audio representation into a classification model and
analyzed the results obtained from each one. Our objective
is to assess the robustness and discriminative power of each
representation in noisy environments, ultimately contributing
to the development of more reliable predictive maintenance
systems.

II. BACKGROUND

A. Spectrogram

The spectrogram is a form of signal representation that
provides a time-frequency visualization of the signal. Spec-
trograms are commonly used in literature works on anomaly
detection, particularly in the context of audio signals. Their
ability to highlight subtle changes in frequency content under
varying operational conditions makes them a powerful tool for
analyzing noisy industrial environments [7].

A spectrogram is computed using the Short-Time Fourier
Transform (STFT), which analyzes the frequency content of
a signal over short, overlapping time windows. The process
involves segmenting the signal into frames, applying a window
function to each frame to minimize spectral leakage, and com-
puting the Fourier Transform on each windowed segment. In
Figure 1, we present a spectrogram derived from a slider sound
signal, which delineates the relationship between frequency
and time.

Fig. 1. Spectrogram (Slider) for 0 dB

The spectrogram X(t, f) calculation is defined in Equation
(1) [7]:

X(t, f) =

N−1∑
n=0

x(n) · w(n− t) · e−j2πfn (1)

where:
• x(n) is the input time-domain signal,
• w(n− t) is the window function centered at time t,
• f is the frequency,
• and N is the window length.
The squared magnitude of the STFT coefficients results in a

power spectrogram, which provides a visual representation of
how the energy of different frequency components evolves.
It makes the spectrogram especially valuable for detecting
transient anomalies and identifying time-localized spectral
features [3].

B. Mel Spectrogram

Recent studies have shown the effectiveness of Mel-
scalograms combined with artificial neural networks for bear-
ing fault diagnosis [10]. The Mel spectrum is an adequate
representation for classifying various types of signals, includ-
ing speech, music, and vibration signals (VS). Its extraction
involves several key steps: signal framing, windowing, Fourier
transform, application of the Mel filter bank, and logarithmic
scaling. The signal is first divided into short, overlapping
frames. A window function is applied to each frame to reduce
spectral leakage. Then, the Fast Fourier Transform (FFT) is
used to convert each windowed frame to the frequency domain.
The resulting power spectrum is passed through a Mel filter
bank, which maps the linear frequency axis to the perceptually
motivated Mel scale [11].

The Mel spectrum M(m) is computed as:

M(m) = log

(
K∑

k=1

|X(k)|2 ·Hm(k)

)
(2)

where:
• X(k) is the magnitude of the Fourier-transformed signal

at frequency bin k,
• Hm(k) is the triangular filter corresponding to the m-th

Mel filter,
• K is the number of frequency bins,
• and log denotes the natural logarithm.
The logarithmic operation enhances perceptually relevant

components and compresses dynamic range. The Mel spec-
trum is conceptually similar to the scalogram produced by
the Short-Time Fourier Transform (STFT) [11]. However,
it differs in that it transforms the frequency axis into the
Mel scale, which better reflects human auditory perception
and emphasizes important patterns in low-frequency vibration
signals.

This technique has been extensively used in signal classi-
fication tasks, including fault diagnosis in rotating machinery
and audio processing domains.

C. MFCC Spectrogram

The Mel-Frequency Cepstral Coefficients (MFCC) tech-
nique is grounded in principles that emulate human auditory
perception. It projects the spectral characteristics of a signal
onto the Mel scale, a nonlinear frequency scale that is more



sensitive to lower frequencies. This makes MFCC partic-
ularly effective for extracting features from low-frequency
components, where early signs of mechanical faults are often
present. After mapping the power spectrum of each frame
onto the Mel scale and applying a logarithmic transformation,
a Discrete Cosine Transform (DCT) is performed on the
resulting log-Mel spectrum to obtain the final Mel-frequency
cepstral coefficients (MFCCs) [12].

In predictive maintenance applications, MFCC offers en-
hanced resolution in the low-frequency range, where acoustic
emissions generated by early-stage defects, such as bearing
faults, tend to concentrate. By amplifying weak and subtle
signal components in these bands, the MFCC increases both
the detectability and discriminative capacity of fault-related
features. This capability is especially beneficial in scenarios
involving low-speed and high-load conditions, such as in wind
turbine pitch bearings, where fault signatures are typically low
in energy. Consequently, MFCC plays a fundamental role in
enabling the early identification of incipient failures, contribut-
ing to improved fault diagnosis and reduced downtime [12].

D. Kullback - Leibler Divergence

The Kullback-Leibler Divergence, also known as relative
entropy [13], [14], is a statistical measure used to quantify the
difference between two probability distributions. Typically, it
is applied to compare an observed distribution with a reference
or expected distribution. This divergence reflects the amount
of information lost when the reference distribution is used to
approximate the observed one and is widely employed in fields
such as machine learning, signal processing, and predictive
maintenance. For two continuous probability distributions P1

and P2, defined over a random variable x, the Kullback-Leibler
Divergence is given by:

DKL(P1(x)∥P2(x)) =

∫ ∞

−∞
p1(x) log

(
p1(x)

p2(x)

)
dx (3)

where p1(x) and p2(x) are the probability density functions
associated with P1 and P2, respectively.

In the context of predictive maintenance, the Kullback-
Leibler divergence has been used to identify deviations in
signal behavior that may indicate early-stage faults in rotating
machinery. For example, Wang et al. [15] demonstrated the
application of this measure to detect anomalies by analyzing
differences in probability density functions. Although their
study focused on identifying human presence behind walls, the
methodology is directly applicable to industrial environments,
where subtle changes in vibration or acoustic signals can reveal
the onset of mechanical degradation. Such approaches enhance
the ability to perform early fault detection, reducing downtime
and maintenance costs.

III. MATERIALS AND METHODS

A. Experimental Setup and Data Processing

We used the Sound Dataset for Malfunctioning Industrial
Machine Investigation and Inspection (MIMII dataset) in this

research. This dataset presents both normal and anomalous
sounds originating from various types of industrial machines,
including sliders, valves, fans, pumps, and slide rails. Eight
microphones collected the sound, recording 16-bit audio sig-
nals with a sample rate of 16 kHz [9].

We utilized this dataset to detect anomaly models based
on machine learning. In this work, we focused on the slider
records because they differentiate between normal and anoma-
lous instances, as we observed in the Kullback Leibler diver-
gence map presented in subsection IV-A.

Figure 2 illustrates the workflow of an audio-based anomaly
detection system that applies to rotating machinery (slider)
within the context of predictive maintenance.

The process starts with the acquisition of raw audio signals
(waveforms), which we then transformed into three different
feature representations: Spectrogram, Mel Spectrogram, and
Mel Frequency Cepstral Coefficients (MFCCs). They extract
these representations to compare their effectiveness in identify-
ing anomalies. After extracting the representations, we created
the Kullback-Leibler Divergence map to visually illustrate the
differences in noise between anomalous and normal signals.
This approach not only highlights their divergence but also
helps us pinpoint which frequencies offer clearer distinctions
between the two classes.

Next, the transformed data is fed into a Training and
Classification module, where the system learns from the input
data and performs binary classification. This process generates
an output indicating whether the signal is normal or abnormal.

Fig. 2. Proposed Method

B. Experimental Design

To verify the best type of image for classifying anomaly
and normal instances, we generated spectrograms, MelSpec-
trograms, and Mel-frequency spectral coefficients.

We generated spectrograms by applying the Short-Time
Fourier Transform (STFT) to overlapping frames of the input
signal using the Spectrogram function from the torchau-
dio.transforms library. We configured the transformation with
the following parameters: n fft = 1024, win length = 1024,
hop length = 256, and power = 2. We consistently applied this
configuration to all spectrograms used in our experiments.

Next, we extracted Mel spectrograms using the MelSpectro-
gram function from the torchaudio.transforms library. We set



the transformation parameters to sample rate = 16000, n fft
= 1024, win length = 1024, hop length = 256, n mels = 128,
and power = 2.0. We applied this configuration uniformly to
all input signals.

Additionally, we computed Mel Frequency Cepstral Coeffi-
cients (MFCCs) using the MFCC function. We configured it
with sample rate = 16000 and n mfcc = 40, and we passed
additional parameters through the melkwargs dictionary: n fft
= 1024, win length = 1024, hop length = 256, n mels = 128,
and power = 2.0. We consistently applied this setup to all
MFCC representations used throughout the experiments.

We then inserted the images created from each method
into a convolutional neural network (CNN). We generated and
classified the spectrograms and then transformed them into
arrays, which we used as input. We trained the Convolutional
Neural Network (CNN) using the Cross-Entropy Loss function
and optimized it with the Adam algorithm, setting the learning
rate at 0.001. We conducted the training over 500 epochs,
employing a batch size of 64 for training and a batch size of
1 for both validation and testing. The network architecture
included a dense layer with 16 neurons. To construct the
dataset, we used 25 normal and 25 anomalous spectrograms
for training, while we reserved 25 normal and 25 anomalous
samples for the test set. Subsequently, we allocated 20% of
the test set for validation. The setup of the CNN included:

• Input: A single-channel (grayscale) image, typically a
spectrogram or mel spectrogram with shape 1×H ×W .

• Convolutional Layer 1:
– Conv2d with 16 filters of size 3 × 3 and
padding="same"

– Activation function: ReLU
– MaxPool2d with kernel size 2× 2

• Convolutional Layer 2:
– Conv2d with 32 filters of size 3 × 3 and
padding="same"

– Activation function: ReLU
– MaxPool2d with kernel size 2× 2

• Convolutional Layer 3:
– Conv2d with 64 filters of size 3 × 3 and
padding="same"

– Activation function: ReLU
– MaxPool2d with kernel size 2× 2

• Dropout: Applied with a rate of 0.2 after convolutional
layers to reduce overfitting.

• Fully Connected Layer (FC):
– Linear layer with input size 64× 8× 8 (flattened

feature map) and output size defined by the param-
eter dense_neurons (e.g., 32).

• Output Layer:
– Linear layer with 2 output neurons for binary

classification.
We evaluated the performance of each model using the

metrics of accuracy, precision, recall, and F1 score.

IV. RESULTS

This section presents the results obtained in the experiments.
First, we show the interclass maps using the Kullback-Leibler
Divergence. Then, we present the results for the classification
task.

A. Kullback–Leibler Divergence

The divergence maps in Figures 2, 3, and 4 display the
Kullback-Leibler Divergence for 6dB, 0dB, and -6dB, respec-
tively, showing that the interclass divergence becomes clearer
at higher SNR levels. Specifically, when we work with a
signal-to-noise ratio of 6 dB, the divergence becomes more
pronounced. The three KL Divergence maps indicate that,
for this element, the divergence is more expressive in the
frequency range above 200 KHz.

Fig. 3. Interclass Divergence Map (Anomalous vs Normal) for 6 dB

Fig. 4. Interclass Divergence Map (Anomalous vs Normal) for 0 dB

B. Classification

We inserted the spectrograms, including MelSpectrograms
and MFCC Spectrograms, into the CNN to classify instances
as anomalies or normal.



Fig. 5. Interclass Divergence Map (Anomalous vs Normal) for -6 dB

1) Performance Metrics: We classified each instance based
on three different signal-to-noise ratios, as detailed in Tables
I, II, and III. We conducted 30 experiments with varying
initialization conditions, reporting the average values from
these rounds, with the numbers in parentheses indicating
the standard deviation. The Mel Spectrogram consistently
produced the best results. The less variability of the standard
deviation of the three SNRs demonstrates stability across
all evaluation metrics, regardless of the signal-to-noise ratio
(SNR) used. This fact demonstrates the model’s excellent
reliability.

These results highlight the key features of the Mel Spec-
trograms. The superior performance of Mel Spectrograms
can be attributed to their perceptual scaling of frequency
components, which emphasizes low-frequency regions where
early mechanical faults typically manifest.

2) Statistical Significance and Robustness: The Wilcoxon
test interclass and intraclass produced a p-value <0.05, which
suggests that the data come from different distributions. This
test demonstrates that we consistently achieved the best results
for Mel Spectrogram, as detailed in IV. Table V shows
significantly low p-values, also demonstrating that varying
noise levels have a profound influence on the spectrograms.

In contrast, the MFCC Spectrograms displayed the poorest
stability in the studied metrics, mainly because they are
designed to process voice-based signals.

3) Accuracy Evolution During Training: Figures 6–8 illus-
trate the training and validation accuracy evolution over 500
epochs for each type of signal representation and SNR level.
The Mel Spectrogram representation exhibits superior conver-
gence speed and stability, with validation accuracy consistently
above 85% even under severe noise conditions (-6 dB). In
contrast, MFCC-based models exhibit marked instability and
signs of overfitting, particularly as the signal-to-noise ratio
(SNR) decreases. It suggests that MFCC, initially designed
for speech processing, may fail to generalize under varying
industrial acoustic profiles.

The Spectrogram-based models display intermediate be-
havior. They demonstrate reasonably high accuracy at 6 dB

and 0 dB SNR levels, with more consistent validation per-
formance than MFCCs. However, they are more suscepti-
ble to degradation under high-noise scenarios compared to
Mel Spectrograms. The linear frequency scale and lack of
perceptual compression make Spectrograms less effective in
highlighting fault-relevant features, particularly in the presence
of broadband noise.

These trends corroborate the findings summarized in Ta-
bles I–III and reinforce the suitability of Mel Spectrograms
for robust and noise-resilient anomaly detection in industrial
environments.

Fig. 6. Training and validation accuracy per epoch using Mel Spectrogram
representation for SNR levels of 6dB (top), 0dB (middle), and -6dB (bottom).
The Mel spectrogram exhibits high stability and rapid convergence across all
conditions.

TABLE I
PERFORMANCE METRICS FOR SPECTROGRAM - SNR LEVELS

SNR 6dB 0dB -6dB
ACC 0.98 (0,019) 0,88 (0,07) 0,85 (0,03)

F1 Score 0,98 (0,02) 0,86 (0,15) 0,85 (0,03)

TABLE II
PERFORMANCE METRICS FOR MFCC - SNR LEVELS

SNR 6dB 0dB -6dB
ACC 0.94 (0.038) 0.85 (0.04) 0.74 (0.05)

F1 Score 0.94 (0.03) 0.84 (0.05) 0.72 (0.05)

TABLE III
PERFORMANCE METRICS FOR MELSPECTROGRAM - SNR LEVELS.

SNR 6dB 0dB -6dB
ACC 0.99 (0,01) 0,93 (0,03) 0,87 (0,02)

F1 Score 0,99 (0,001) 0,93 (0,03) 0, 87 (0,02)



Fig. 7. Training and validation accuracy per epoch using MFCC representa-
tion for SNR levels of 6dB (top), 0dB (middle), and -6dB (bottom). Despite
achieving a decent performance at 6 dB, MFCC is more sensitive to noise
and exhibits unstable validation accuracy at lower SNRs.

Fig. 8. Training and validation accuracy per epoch using standard Spectro-
gram representation across different SNR levels. Results indicate moderate
robustness, but with higher variance than Mel Spectrogram.

TABLE IV
WILCOXON TEST OF METHODS ACROSS DIFFERENT NOISE LEVELS

Comparison Noise Level Statistic P-value
MFCC vs Spectrogram 6dB 6.5 0.000087
MFCC vs MelSpectrogram 6dB 0.0 0.000003
Spectrogram vs MelSpectrogram 6dB 11.0 0.003816
MFCC vs Spectrogram 0dB 58.5 0.004906
MFCC vs MelSpectrogram 0dB 0.0 0.000001
Spectrogram vs MelSpectrogram 0dB 41.0 0.001046
MFCC vs Spectrogram -6dB 0.0 0.000002
MFCC vs MelSpectrogram -6dB 4.0 0.000005
Spectrogram vs MelSpectrogram -6dB 40.5 0.02

TABLE V
WILCOXON TEST RESULTS COMPARING DIFFERENT NOISE LEVELS

ACROSS REPRESENTATION TYPES.

Spectrogram Type Comparison Statistic P-value
MFCC 6dB vs 0dB 0.0 0.000003
MFCC 6dB vs -6dB 0.0 0.000002
MFCC 0dB vs -6dB 0.0 0.000002
Spectrogram 6dB vs 0dB 0.0 0.000002
Spectrogram 6dB vs -6dB 0.0 0.000001
Spectrogram 0dB vs -6dB 65.5 0.001560
MelSpectrogram 6dB vs 0dB 0.0 0.000003
MelSpectrogram 6dB vs -6dB 0.0 0.000002
MelSpectrogram 0dB vs -6dB 11.0 0.00001

V. CONCLUSIONS

We aimed to determine the most effective representation of
acoustic signals for studying anomaly detection in industrial
machines using the results of the transformations for feeding
a deep-learning classifier. After analyzing metrics such as
accuracy, precision, F1-score, and recall, we found that the
Mel Spectrogram serves as the most effective representation.
We observed that values such as accuracy and recall at an
SNR of 6 dB were 0.99 and 0.98, respectively, highlighting
the performance of the MelSpectrogram. With the lower SNR,
we were also able to note that the Mel Spectrogram achieved
strong results in terms of accuracy and recall, with 0.87 and
0.90, demonstrating the consistency in the metrics for that
representation.

We considered this step vital for paving the way to construct
models that enhance predictive maintenance in industrial en-
vironments, especially those operating in noisy environments.
Based on our findings, we will explore a new methodological
process centered on the Mel Spectrogram. Our current work
employs a single component, the slider, but we plan to analyze
additional datasets in future research to test the model’s gen-
eralization. We will also consider other classification methods,
along with the exploration of various types of representations,
such as scalograms. Additionally, we will examine data aug-
mentation.
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