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Abstract

This study investigates the effect of MFCC feature dimensionality on deep learning-based induction motor fault
classification using acoustic signals. Four conditions were classified: normal, unbalance, horizontal
misalignment, and vertical misalignment. LSTM models using 13, 26, and 39 MFCC features achieved validation
accuracies of 97.4%, 96.12%, and 96.3%, respectively. The LSTM was also compared with CNN, RNN, and FNN
models. The CNN achieved the highest average training accuracy of approximately 97%, while the LSTM achieved
the best testing accuracy of approximately 94% using 39 MFCC features. Overall, the LSTM and CNN
outperformed the RNN and FNN. The results indicate that increasing MFCC dimensionality did not improve
classification performance, as the 13-feature configuration achieved the highest validation accuracy with the
lowest input complexity. Future research may investigate adaptive feature selection to improve computational
efficiency and classification performance.

Keywords: MFCC, Deep Learning, Electric Motor, Fault Classification.
Abstrak

Penelitian ini mengkaji pengaruh dimensi fitur MFCC terhadap klasifikasi kerusakan motor induksi berbasis deep
learning menggunakan sinyal akustik. Empat kondisi yang diklasifikasikan meliputi kondisi normal,
ketidakseimbangan, misalignment horizontal, dan misalignment vertikal. Model LSTM dengan 13, 26, dan 39 fitur
MFCC masing-masing menghasilkan akurasi validasi sebesar 97,4%, 96,12%, dan 96,3%. Kinerja LSTM juga
dibandingkan dengan model CNN, RNN, dan FNN. CNN memperoleh rata-rata akurasi pelatihan tertinggi sekitar
97%, sedangkan LSTM menghasilkan akurasi pengujian terbaik sekitar 94% dengan 39 fitur MFCC. Secara
umum, LSTM dan CNN menunjukkan kinerja lebih baik dibandingkan RNN dan FNN. Hasil penelitian
menunjukkan bahwa peningkatan jumlah fitur MFCC tidak meningkatkan kinerja klasifikasi karena konfigurasi
13 fitur menghasilkan akurasi validasi tertinggi dengan kompleksitas input paling rendah. Penelitian selanjutnya
dapat mengembangkan pemilihan fitur adaptif untuk meningkatkan efisiensi komputasi dan kinerja klasifikasi.

Kata Kunci: MFCC, Deep Learning, Motor Listrik, Klasifikasi Kerusakan.
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1. Introduction

Fault diagnosis of electrical rotating machines has long been recognized as a critical area of research
due to its impact on operational reliability, safety, and maintenance efficiency in industrial
environments. Unanticipated failures in induction motors can lead to significant downtime, economic
loss, and potential safety hazards (Ahmed Murtaza et al., 2024; Glowacz, 2018). As such, robust
condition monitoring techniques are essential for early detection and classification of faults, thereby
ensuring the continuous and optimal performance of industrial systems.

Acoustic signal analysis has emerged as a promising non-invasive method for diagnosing mechanical
and electrical faults in induction motors (Germen et al., 2014) (Glowacz & Glowacz, 2017). Among the
various signal processing techniques, the Mel-Frequency Cepstral Coefficient (MFCC) has gained
popularity due to its ability to capture relevant audio features that reflect the operating state of machinery
(Abdul & Al-Talabani, 2022; Fang et al., 2001; Mishra et al., 2023). However, the effectiveness of
MFCC-based feature extraction depends significantly on the number of coefficients used, which directly
affects the accuracy and computational complexity of the classification process.

Therefore, some work focuses on applying machine learning techniques to improve the fault diagnosis
performance recently, in motor fault diagnosis the implemented system was based on acoustic signals
of three-phase induction motors was performed using 3 classifiers LDA (Linear Discriminant Analysis),
NBC (Naive Bayes Classifier), CT (Classification Tree) (Glowacz et al., 2021). Using GoogleNet model
result shows that GoogleNet achieves 98.23% accuracy in the fault classification for denoised signals,
while only 89.66% accuracy for the original signals (Yang et al., 2022). These GRU-based non-linear
predictive denoising autoencoders (GRU-NP-DAEs) are trained with strong generalization ability for
each different fault pattern (Liu et al., 2018).

The objective of this study is to investigate the influence of the number of MFCC features on the
performance of deep learning models for fault classification of three-phase induction motors using
acoustic signals. In particular, the proposed approach focuses on distinguishing between normal
operation, imbalance, and two types of misalignment faults (horizontal and vertical). We employ Long
Short-Term Memory (LSTM) networks as the primary classification model and benchmark its
performance against three others widely used deep learning architectures: Feed-Forward Neural
Network (FNN), Convolutional Neural Network (CNN), and Recurrent Neural Network (RNN).

1. Data Acquisition 2. Preprocessing 3. Feature Extraction (MFCC) 4. Classification
(Deep Learning)
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Figure 1. Overall pipeline of the proposed acoustics signals based fault classification system

MaFaulDa was used to develop the experiment in this study, the database includes multiple types of
faults with different levels of severity and rotational speeds. It is composed of multivariate time-series
signals acquired by sensors from Machinery Fault Simulator (MFS) test rig that simulates the machine
under normal operation and fault conditions (Khan et al., 2021; Nath et al., 2021). Figure 1 presents the
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overall pipeline of the proposed acoustic signal-based fault classification system. The process starts with
data acquisition from a three-phase induction motor using a microphone to capture raw acoustic signals.
Preprocessing includes normalization, framing, and windowing to prepare the signals for feature
extraction. MFCC features are then computed using a Mel filter bank, logarithmic energy, and discrete
cosine transform, producing cepstral coefficients. These features are subsequently fed into deep learning
classifiers, including FNN, CNN, RNN, and LSTM, to predict machine conditions as normal, imbalance,
horizontal misalignment, or vertical misalignment. The diagram illustrates the end-to-end workflow
from signal acquisition to fault classification.

2.1. Motor Fault Simulator

Machinery Fault Simulator (MFS) test rig that simulates the machine under normal operation and five
fault conditions, namely, mass imbalance, horizontal and vertical misalignment, and overhang and
under-hang bearing faults at different rotation speeds, Figure 2 shows the data acquisition setup of the
MaFaulDa system (SpectraQuest Inc., Machinery Fault Simulator, 2021).

AN -

Figu-rre 2. Tﬁe acquisition device of MaFaulDa (Wang & Cao, 2023)

1. Imbalance is the state of a rotating component when its mass distribution is uneven in relation
to the axis of rotation. This results in unbalanced centrifugal forces and moments, which cause
dynamic reactions in bearings, resulting in vibration and noise, thus leading to bearing damage.
A symptom of imbalance is an increase in the amplitude of the rotational frequency that occurs
in the diagnostic signal.

2. The misalignment in the induction motor drive concerns the connection between the motor and
the loading machine

2.2. Extract Audible Noise Feature Using MFCC

In this study, the MFCC extraction process is configured with the following parameters: the audio signal
is segmented into frames of 25 ms with an overlap of 10 ms. A Hamming window is applied to each
frame to reduce spectral leakage. The Mel filter bank consists of 26 triangular filters distributed across
the frequency range. The sampling frequency of the signal is 50 kHz, consistent with the MaFaulDa
dataset specification. After applying the Mel filter bank, the logarithmic energy is computed and
transformed using Discrete Cosine Transform (DCT) to obtain the cepstral coefficients. Three
configurations of MFCC features are evaluated in this study: 13, 26, and 39 coefficients.

MFCCs are the most widely used perceptual features because of their success in embodying the speech
amplitude spectrum concisely. These features are obtained after applying a series of functions on the
audio signal . It starts with applying a filter that amplifies the higher frequencies in the signal, which
elevates the energy at these parts. After amplification, the entire signal is fragmented into small frames
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ranging typically between 20ms and 40ms. The next process in the line is applying the Hamming
window function which eliminates the edge effects and assimilates all the frequency lines that are placed
close together.
The output of the Hamming window is expressed in eq. (1).
y(m) = x(n) xw(n) (1)
w(n) = 054 — 046 x (cos22),0<n <N -1 )
In the eq. (2), N represents the number of samples in each frame and in eq. (1), y(n) is the output
signal. The input signal is represented by x(n) and w(n) represents the Hamming window operation. A
time signal is composed of its constituent frequencies and a FT on the time signals gives us the
corresponding complex-valued function in the frequency domain. This transformation is represented by
eq. (3).
F§) =7, f)e ™ dx 3)
M(f) = 1125 x In (1 + %) (4)
The Mel scale helps to incorporate this behavior into the extracted features so that it is analogous
to how humans process audio. The Mel transform is given by eq. (4). In the above equation, f is the

frequency expressed in hertz. To represent the power spectrum on the Mel scale, filter banks are applied
to it.

2.3. Long Short-Term Memory (LSTM)

Long Short-term Memory (LSTM) is proposed by Hochreiter and Schmid Huber (Hochreiter &
Schmidhuber, 1997)to solve the gradient vanishing problem in Recurrent Neural Network (RNN). In
addition to the hidden state vector h;, LSTM maintains a memory cell ¢; encoding memory of observed
information up to the time step t. The behavior of the memory cell is determined by three gates: input
gate it , output gate i; and forget gate h,. The updating equations are given as follows equation 5 - 7:

iy = o(w;[he_q, x:] + by) (5)
ft = O'(Wf[ht—l'xt] + bf) (6)
0y = O-(Wo [ht—l'xt] + bo) (7)

3. Deep Learning for Fault Classification

3.1. System Overview

The overall workflow of the proposed fault classification system is illustrated as a sequential pipeline
consisting of four main stages: data acquisition, preprocessing, feature extraction, and classification.
First, acoustic signals are obtained from the MaFaulDa dataset using a microphone sensor. The raw
audio signals are then preprocessed through normalization and segmentation into short frames. Next,
Mel-Frequency Cepstral Coefficients (MFCC) are extracted to represent the acoustic characteristics of
the motor conditions. In this study, three different feature configurations are evaluated, namely 13, 26,
and 39 MFCC coefficients. Finally, the extracted features are used as input to deep learning models
(FFNN, CNN, RNN, and LSTM) for classification into four classes: normal, imbalance, horizontal
misalignment, and vertical misalignment. This structured pipeline ensures a clear relationship between
each processing stage and improves reproducibility of the proposed method.

3.2. Noise Dataset

In this paper, datasets provided by Machinery Fault Database (MaFaulDa) Website are employed to
verify the proposed method ( MAFAULDA:MachineryFaultDatabase [Online], 2021). The website
provides a huge database composed of 1951 multivariate time-series acquired by sensors on a
SpectraQuest's Machinery Fault Simulator (MFS) Alignment-Balance-Vibration (ABVT).

Table 1 summarizes the different simulated conditions available in the MaFaulDa dataset. The complete

dataset comprises six machine states: normal operation, unbalance, horizontal misalignment, vertical
misalignment, inner bearing fault, and outer bearing fault. However, this study considers only four
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conditions: normal operation, unbalance, horizontal misalignment, and vertical misalignment. The test
setup utilized three Industrial IMI Sensors model 601A01 accelerometers positioned in the radial, axial,
and tangential directions; one IMI Sensors model 604B31 triaxial accelerometer; a Monarch Instrument
MT-190 analog tachometer; a Shure SM81 microphone; and National Instruments NI 9234 four-channel
analog acquisition modules. Each sequence was recorded for 5 seconds at a sampling rate of 50 kHz,
resulting in 250,000 samples per sequence. The table presents the severity levels, number of
measurements, and operating speeds for each condition considered in this study.

Table 1. Summary of different conditions.
Number of

Conditions Severity Levels Measurements Speed of Operation
Normal No Fault 49 737 to 3886 rpm
10g,15g20 g,
Unbalance 25030035 g 333 737 to 3886 rpm
Hor{zontal 0.5 mm, 1.0 mm, 1.5 mm, 2.0 197 737 to 3886 rpm
Misalignment mm
Vertical 0.51 mm, 0.63 mm, 1.27 mm,
Misalignment 1,4 mm, 1.78mm, 1,9 mm. 301 737 t0 3886 rpm

For imbalance condition load values within the range from 6 g to 35 g. For each load value below 30 g,
the rotation frequency assumed in the same 49 values employed in the normal operation case. For loads
equal to or above 30 g, however, the resulting vibration makes it impracticable for the system to achieve
rotation frequencies above 3300 rpm, limiting the number of distinct rotation frequencies.

Figure 3 illustrates the MFCC patterns of audible noise data under different conditions. Subfigure (a)
shows the normal condition without distortion, while (b) represents amplitude imbalance. Subfigures
(c) and (d) depict vertical and horizontal misalignment, respectively, indicating temporal and frequency
shifts in the signal. This visual analysis highlights how different types of distortions affect MFCC
representations, which is critical for subsequent speech or noise classification tasks.

| B i |

(c) (d)

Figure 3. Different MFCC pattern audible noise data (a) Normal Condition, (b) Imbalance, (c)
Vertical Misalignment, (d) Horizontal Misalignment.

3.3. Deep Learning Configuration

This research focuses on the use of Deep Learning models for classification tasks, specifically FNN,
LSTM, RNN and CNN. These models are favored for their ability to analyze time-series or sequential
data and provide accurate predictions even with raw input data. The models classify outcomes into
multiple classes thanks to the various layers included in their design. The choice of model structure,
including the number of layers and units, depends on the nature and complexity of the dataset. In some
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cases, the model may be more complex if the input data is nonlinear and intricate. The details of the
model structures used in the research are provided in table 2.

Table 2. Comparison of Deep Learning Architectures Used in This Study

Model Layers Type Number of  Units/Filters Activation Function
Layers

FNN  Dense 3 64,128, 128 RelLU
Output 1 4 Softmax

LSTM LSTM 2 64, 128 ReLU
Dense 1 128 ReLU
Output 1 4 Softmax

RNN  SimpleRNN 2 64, 128 ReLU
Dense 1 128 ReLU
Output 1 4 Softmax

CNN  Conv2D 2 64, 128 -
MaxPooling2D 2 3x3 -
Dense 1 128 ReLU
Output 1 4 Softmax

Table 2 presents a unified comparison of the deep learning architectures used in this study, including
FNN, LSTM, RNN, and CNN. The table highlights the structural configuration of each model in terms
of layer types, number of layers, number of units or filters, and activation functions. By organizing the
architectures into a single table, it becomes easier to compare their complexity and design
characteristics. All models use a Softmax activation function in the output layer to perform multi-class
classification across four fault conditions. This unified representation ensures clarity and supports a fair
comparison of model performance, as all architectures are trained using the same MFCC feature inputs.
During the training process, the hyperparameters of deep learning models varied, and their values which
resulted in optimal performance are given as number in table 3.

Table 3. Hyperparameters setting.

Hyperparameter Unit
Batch size 128
Number of epochs 100
Learning rate 1x10*
Dataset split ratio 75:15:10
4. Result
4.1. LSTM Result

Figure 3 shows a training comparison of LSTM model performance using three different configurations
based on the number of Mel-Frequency Cepstral Coefficients (MFCC) data inputs: 13, 26, and 39 MFCC
features. The graphs display the model’s accuracy and loss across training and testing phases, providing
insights into how varying the number of input features impacts the model's learning effectiveness and
generalization capabilities.

The accuracy graphs exhibit a rapid ascent in model performance during the initial epochs across all
three configurations, indicating efficient initial learning regardless of the number of features. All three
curves converge to a similar performance level, with slight variations in the plateau phase. This suggests
that all three models can capture sufficient information to achieve high performance, although the
models with more features (26 and 39) may provide a slight edge in achieving peak accuracy slightly
earlier. This could imply that additional features provide more useful information that aids in quicker
convergence.

The testing graphs display in figure 4 a sharp decline in the initial training phase for all feature

configurations, with all three curves stabilizing at a low level of loss thereafter. The closeness of the
training and testing loss curves indicates good generalization across all feature sets. Notably, the models
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do not show significant divergence in loss between the training and test datasets, suggesting none of the
configurations is prone to overfitting. However, the 39 MFCC feature model exhibits slightly lower and
more stable loss values, possibly indicating more robust learning from a richer feature set.

Training Accuracy

1.0 1
0.9 1
0.8 1
> 0.7 A
£
=
9 0.6 1
<
0.5 1
0.4 —— 26 Data
~—— 39 Data
031 o 13 Data
0 20 40 60 80 100

Epoch
Figure 4. Training accuracy graphic comparison between 13, 26, and 39 input number

In a more detailed view of the loss behavior, especially in the latter epoch, we observe minor fluctuations
which are common in deep learning models as they adapt to the inherent noise and complexity in the
data. These fluctuations are minimal and do not significantly impact the overall stability, reinforcing the
effectiveness of all three configurations.

Testing Accuracy

Accuracy

Lol —— 26 Data
0.3 - —— 39 Data
—— 13 Data
0 20 40 60 80 100
Epoch

Figure 5. Testing accuracy graphic comparison between 13, 26, and 39 input number

The comparison across different numbers of MFCC features illustrates that while all models perform
competently, models with a higher number of features (26 and 39) might provide marginal benefits in
terms of early learning speed and stability in loss metrics. However, the performance differences are
relatively small, indicating that even the 13 MFCC feature model is sufficiently capturing the necessary
information for accurate fault diagnosis and classification. This analysis can guide decisions on model
complexity versus performance trade-offs, suggesting that increasing the number of features can
enhance model performance but up to a certain point beyond which the gains may diminish.
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4.3. Comparison LSTM result with other types of NN algorithms

This result uses 39 MFCC data, the accuracy score is a metric that measures the model's ability to predict
the correct output. The scores range from 0 to 1, with 1 being the best possible score. The training data
show in figure 6 the CNN model has the highest accuracy, with an average score of 0.97. It consistently
performs well across all trials, with only a few dips in accuracy below 0.97.

Training Accuracy

1.0
0.9 1
0.8
>
|9}
L
3 074
!
<
0.6
—— CNN_train
FNN_train
0.51 —— LSTM_train
—— RNN_train
0.4 T T T T T T
0 20 40 60 80 100

Epoch

Figure 6. Training accuracy graphic comparison between the LSTM, CNN, FNN, and RNN

On the other hand, the LSTM model has an average accuracy of 0.924, with some trials showing
accuracy scores above 0.95, while others are below 0.9. The FNN and RNN models have lower accuracy
scores, with an average accuracy of 0.74 and 0.46, respectively. The results suggest that the CNN model
is the best performing network for noise classification tasks. The LSTM model performs well but not as
well as the CNN model. The FNN and RNN models have lower accuracy scores and thus are not the
best options for this task.

The accuracy testing data shows that in figure 7 LSTM and CNN have generally higher accuracy
compared to RNN and FNN. The highest accuracy achieved in this data set was by LSTM with 0.943
and the lowest accuracy was by CNN with 0.299. It is important to note that this data only represents
the validation accuracy, and that the models may perform differently on a different set of data. It is also
important to consider the variability of accuracy between the different models. LSTM and RNN models
tend to have more consistent accuracy over the iterations, with a standard deviation of 0.028 and 0.042,
respectively. In comparison, the standard deviation for RNN and FNN were 0.077 and 0.055. This
suggests that LSTM and CNN models have a more stable performance, while CNN and FNN may have
more unpredictable accuracy.
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Testing Accuracy

1.0
0.9
0.8
>
g 07
5
9
< 0.6
05 —— CNN_test
FNN_test
0.4 — LSTM_test
—— RNN_test
0.3 T T r T . -
0 20 40 60 80 100

Epoch
Figure 7. Validation accuracy graphic comparison between the LSTM, CNN, FNN, and RNN

Overall, the CNN architecture seems to perform the best in terms of minimizing the loss values. The
average loss for CNN is lower than the other three architectures throughout the training process. The
LSTM architecture also shows a good performance, with loss values lower than the FNN and RNN,
although slightly higher than the CNN. The loss value for LSTM decreases smoothly throughout the
training process. FNN architecture has the highest average loss throughout the training process,
indicating that it is less effective in accurately classifying the noises compared to the other three
architectures. The loss value for the FNN decreased gradually but not as fast as the other three. The
RNN architecture has performance between the CNN and LSTM, with loss values lower than the FNN
but higher than the CNN. The loss value for the RNN decreased throughout the training process, but
with some fluctuations. The results suggest that the CNN and LSTM architectures are better suited for
noise classification compared to the FNN and RNN.

5. Conclusion

The methods and results presented in this paper demonstrate that varying the MFCC data (13, 26, and
39 coefficients) on the LSTM model does not significantly impact accuracy. 97.4% for 13 MFCC data,
96.12%. for 26 MFCC data, and 96.3% for 39 MFCC data. For a more efficient model, using a smaller
dataset is preferable. During the training process, the CNN model achieved the highest accuracy,
averaging 97%. However, in the testing phase, the LSTM model showed superior performance,
achieving 94% accuracy with 39 MFCC coefficients. Both LSTM and CNN models generally
outperformed RNN and FNN in terms of validation accuracy. The 13-feature configuration achieved the
highest validation accuracy while using the smallest input dimension, indicating that increasing the
number of features did not improve classification performance in this experiment. It is important to note
that these results reflect only one aspect of model performance. Further analysis is necessary to
determine which model is best suited for specific tasks. Future work may explore adaptive feature
selection or feature learning approaches to further optimize the trade-off between computational
efficiency and classification performance.
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  y  ( n ) = x  ( n ) × w  ( n )


    f  t = 𝜎  (   w  f  [  h  t − 1 ,   x  t ] +   b  f )


    o  t = 𝜎  (   w  o  [  h  t − 1 ,   x  t ] +   b  o )


  w  ( n ) = 0 . 54 − 0 . 46 ×  (  cos ⁡    2 𝜋 n  N − 1 ) ,   0 ≤ n ≤ N − 1


  F  ( 𝜉 ) =   ∫  − ∞ ∞  f  ( x )   e  − 2 𝜋 i x 𝜉 d x


  M  ( f ) = 1125 ×  ln ⁡   ( 1 +   f 700 )


   h  t
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    i  t
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    i  t = 𝜎  (   w  i  [  h  t − 1 ,   x  t ] +   b  i )

