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with state-of-the-art works implemented on the same dataset, the proposed
model achieves optimal performance in terms of accuracy, area under the curve
(AUC) , F1-score, precision, recall, Matthews correlation coefficient (MCC), and
Kappa without noise processing methods at an SNR of 6 dB, and maintains
robust, competitive performance under severe noise conditions (0 dB and
-6 dB).

* Corresponding author.
E-mail addresses: alaasamab@susu.ru (A.B.A. Alaasam), zena.khalil@qu.edu.iq (Z.H. Khalil), d.alshammary@qu.edu.iq (D. Al-
Shammary), ayman.ibaida@vu.edu.au (A. Ibaida), khandakar.ahmed@vu.edu.au (K. Ahmed).

https://doi.org/10.1016/j.jnlest.2026.100372

Received 4 November 2025; Received in revised form 23 May 2026; Accepted 13 July 2026; Available online 31 August 2026.
1674-862X/© 2026 The Authors. Publishing Services provided by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This is an
open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


http://crossmark.crossref.org/dialog/?doi=10.1016/j.jnlest.2026.100372&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jnlest.2026.100372&domain=pdf
https://doi.org/10.1016/j.jnlest.2026.100372
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.jnlest.2026.100372
https://doi.org/10.1016/j.jnlest.2026.100372
https://doi.org/10.1016/j.jnlest.2026.100372
https://doi.org/10.1016/j.jnlest.2026.100372
https://doi.org/10.1016/j.jnlest.2026.100372
https://doi.org/10.1016/j.jnlest.2026.100372
https://www.sciencedirect.com/science/journal/1674862X
https://www.keaipublishing.com/en/journals/journal-of-electronic-science-and-technology/
https://www.keaipublishing.com/en/journals/journal-of-electronic-science-and-technology/
https://www.keaipublishing.com/en/journals/journal-of-electronic-science-and-technology/
https://www.keaipublishing.com/en/journals/journal-of-electronic-science-and-technology/
https://www.keaipublishing.com/en/journals/journal-of-electronic-science-and-technology/
https://www.keaipublishing.com/en/journals/journal-of-electronic-science-and-technology/
https://www.keaipublishing.com/en/journals/journal-of-electronic-science-and-technology/
https://www.keaipublishing.com/en/journals/journal-of-electronic-science-and-technology/
https://www.keaipublishing.com/en/journals/journal-of-electronic-science-and-technology/
https://www.keaipublishing.com/en/journals/journal-of-electronic-science-and-technology/
https://www.keaipublishing.com/en/journals/journal-of-electronic-science-and-technology/

A.BA. Alaasam et al. Journal of Electronic Science and Technology 24 (2026) 100372

1 Introduction

In industrial environments, sound is often an indicator of variation in the operational state of machinery.
Machines create acoustic signatures by vibrating, rotating, and mechanically interacting, thereby indicating
their health and performance. In addition, some machines may run normally with internal problems that may
lead to future downtime or inefficiency. Therefore, sound could be critically important as it may provide
information about the internal state, for example, physical states that are not visible or cannot be sensed or
captured using traditional sensors. Analytically, such auditory signals can reveal possible malfunctions,
mechanical wear, deviations from the standard operation mode, or a potential failure early enough to
perform proactive maintenance and increase the reliability of the system.

Unlike image classification, where raw images of equal dimensions can be fed directly to convolutional
neural network (CNN), using CNN for time-based signals, such as audio, classification presents practical
challenges. For example, the length and other features of time-domain signals may vary, which may cause
CNN performance degradation in terms of classification accuracy [1-3]. In addition, despite various studies
that have successfully built deep learning (DL) models such as deep CNN [4] and deep recurrent neural
network (RNN) [5] for audio processing tasks, DL models generally tend to face overfitting problems during
training and fail to produce the same accuracy on unseen data [6]. Models such as CNN may require
enhancement techniques to make them more robust under real-world conditions [7].

The overfitting problem is amplified when the data are noisy or imbalanced, where models learn too
specific patterns instead of learning more general ones. In addition, training machine learning (ML) and DL
models, in particular, complex neural networks (NNs) on large amounts and complex data such as audio,
require considerable computational power and extended training times. These challenges significantly
increase the costs in terms of energy consumption, infrastructure, and delays in the deployment of intelligent
systems. Such problems become more serious considering the importance of real-time operational efficiency
and decision-making in the context of smart industries, such as industrial Internet of things (IoT) systems.
IoT comprises cyber-physical assets, networked objects, information technologies, and fog computing
platforms to minimize processing time in industrial environments for an effective response to automation
and process optimization [8].

However, while DL models have been successfully applied in many applications, challenges involve
complex interactions, making the training of DL models a multi-objective optimization problem. Examples of
conflicts and trade-offs are as follows: A long training time by increasing the epochs can lead to overfitting
while reducing the number of epochs could lead to underfitting. Handling unbalanced data techniques, such
as synthetic minority oversampling technique (SMOTE) (oversampling), increases data size, and hence
training time; underfitting may also occur when simpler models are used to save training time. Several
strategies have been proposed to address these challenges. For example, although high efficiency can be
achieved by distributed training and parallelization on supercomputers and graphics processing unit (GPU)
clusters, such infrastructure may not be accessible owing to economic or technical constraints, such as edge
devices or local servers. In such cases, other strategies are applied to improve the efficiency of the model.

Some methods, such as early stopping, learning rate (LR) scheduling, and SMOTE, can effectively solve
these problems [9,10]. Early stopping involves monitoring the training and stopping it when the performance
starts to deteriorate to mitigate overfitting and reduce training time. There are traditional early stopping
methods, such as stopping after the validation error increases or after no improvement over “n” epochs.
Additionally, LR scheduling changes the LR during training to achieve a trade-off between speed and stability
(e.g., by decreasing the LR as training proceeds, which can help the model arrive at a more desirable
solution). On the other hand, SMOTE creates as many synthetic examples for the minority class as is required
to handle class imbalance problems.

The other method is batch normalization (BN), which is the process of making NN faster and more stable
by adding extra intermediate layers to the deep neural network (DNN) and normalizing activations in the
intermediate layers. It normalizes the input features within a mini-batch to have unit standard deviation and
zero mean, and then uses those normalized features to compute later features, scaling and shifting them by
learned parameters. BN helps reduce internal covariate shift, improves the gradient flow, and allows higher
LRs, making training faster and more stable [11].

Additionally, the two-dimensional max pooling (MaxPooling2D) method is a downsampling operation
often used in CNNs to reduce the spatial dimensions of feature maps produced by convolution layers, helping
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to retain only the important features as much as possible. In fact, MaxPooling2D discards non-maximum
values and, as a result, can improve DL model performance [12].

Another useful regularization technique is dropout, which prevents overfitting by randomly deactivating
a subset of neurons during the training process. This could push the network to learn more generalized
features and potentially become more robust to unseen data.

Nevertheless, the fundamental phase for utilizing ML and DL methods is the pre-processing of audio
signals. Feature extraction is a crucial method in audio preprocessing in which raw audio is converted into
representations that carry important signal patterns. Each audio feature reflects different aspects of raw
audio. ML and DL models may use more than one feature as input because different features encode
complementary aspects of the audio. These features include the Log-Mel spectrogram (LM) and
Mel-frequency spectral coefficients (MFCC), both of which rely on the short-time Fourier transform (STFT)
and a Mel filter bank to approximate human auditory perception [13,14]. Spectral centroid (SC) [15] which is
another audio feature reflects the center of the “gravity” of the spectrum of the audio frame. SC also relies on
computing the discrete Fourier transform (DFT) of each audio frame to obtain the DFT coefficients. An
additional audio feature is the spectral flatness (SF), which is used to evaluate the flatness characteristics of a
noise-shaped spectrum. The SF factor results from comparing the geometric mean to the arithmetic mean of
the power spectrum magnitudes obtained from STFT calculations [15,16]. Spectral roll-off (SR) is another
audio feature [17] that usually represents the frequency below which a specified percentage (usually around
90%) of the magnitude distribution of the spectrum is concentrated. Spectral bandwidth (SB) [17] (also
known as spectral spread) quantifies the spread of frequencies around the SC, representing the overall
“width” or “spread” of a sound’s frequency content. Another interesting feature is the zero-crossing rate
(ZCR), which represents the number of signal polarity changes [17].

In the smart industry, many researchers have employed ML and DL techniques, in conjunction with
various preprocessing methods and audio features, to develop effective malefaction detection systems. For
example, Ref. [18] proposed a supervised learning approach using MFCCs, Chroma, SC, SB, SR, and ZCR as
features. The authors oversampled the abnormal samples and applied standard scaling. They split the dataset
into training (49%), validation (21%), and testing (40%). Four supervised models were used: support vector
machine (SVM), random forest (RF), Naive Bayes, and multilayer perceptron (MLP) with three hidden layers,
Adam optimization, and binary cross-entropy for loss. The authors used separate models trained for each
machine type rather than a unified model. For the evaluation, the F1-score and area under the curve (AUC)
were used for benchmarking against a baseline autoencoder on Mel-spectrograms. The model achieved a
39.5% improvement in the AUC compared with the baseline.

Ref. [19] introduced a supervised learning method using a super-learner ensemble. Other datasets, such
as ESC-50, were also used. The proposed method applied five base learners linked by a meta-learner:
AdaBoost, Naive Bayes, K-nearest neighbors, SVM, and RF. Spectral feature extractions of MFCC, SC, SB, SR,
and ZCR were applied along with SMOTE to reduce class imbalance. The dataset was split into 70% for
training and 30% for testing using fold cross-validation (K = 3). SVM achieved the best testing performance
for valves at SNR = 6 dB with an AUC of more than 0.9, whereas the worst performance occurred with the
super learner on valves at SNR = -6 dB with an AUC of approximately 0.6. All four machine types were tested
at various noise levels.

In addition, Ref. [20] proposed a supervised DL approach called weighted ensemble using EfficientNet-BO,
B5, and B7 models to detect industrial machine malfunctions using the MIMII dataset. The authors evaluated
only the pumps and valves because of their diagnostic complexity. Significant augmentation (e.g., pitch
change, speed change, and noise addition) was used for data preprocessing to address data imbalance. Ninety
percent of the data were used for training and 10% for testing. The training set was partitioned into 80:20 for
training and validation. The authors evaluated the performance of the model using multiple metrics and
achieved an accuracy of 98.211% with an AUC of 0.9993 for valves, an accuracy of 97.447%, and an AUC of
0.9981 for pumps. All chosen machine types (pumps and valves) were thoroughly tested. Although the pump
and valve were the only components selected by the authors, it took nine days to train and approximately
12 min to test the process.

Additionally, Ref. [21] proposed a supervised fan fault detection method based on CNN-GRU models
trained with the MIMII dataset with three noise levels (-6 dB, 0 dB, and 6 dB). The authors presented a
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CNN-GRU fusion model, where the CNN provided spatial features from frequency domain features and the
GRU took temporal features from the generated enhanced logarithmic filter bank (Log-Fbank) spectrograms.
The data were divided into two balanced datasets: i) a noise-free sample and ii) a sample with proportionally
equal amounts of noise at -6 dB, 0 dB, and 6 dB. Both datasets were split into training (70%) and testing
(30%) datasets. Log-Fbank features were extracted and improved using histogram equalization to remove
noise, and the input dimensions were normalized. On the test set of the mixed noise, the CNN-GRU model had
the best accuracy (97.8%), which was better than the baseline CNN (92.8%) and visual geometry group
16-layer network (VGG16) (94.3%). In the low-noise sample, the authors observed signs of overfitting, as
they achieved 95% training accuracy and 85% testing accuracy.

Ref. [22] evaluated three supervised learning approaches: binary, partially mixed, and completely mixed.
In the binary approach, the number of models was the product of the machine types, machine number, and
SNR levels, totaling 48 for the MIMII dataset. The partially mixed approach reduced this to three models
corresponding to the SNR levels, each identifying both the equipment type and its status. In this case, the
number of models equaled the number of SNR levels, while the number of classes corresponded to the
product of the equipment types and their possible statuses. The fully mixed approach required only a single
model with eight classifiers. The authors considered five algorithms: extreme tree classifier, linear
discriminant analysis, gradient boosting (GB), light gradient boosting machine (LGBM), and SVM. In the
preprocessing part, the extracted features included the MFCC, SC, bandwidth, roll-off, ZCR, and the SMOTE
data balancing technique, as well as further Z-score normalization. Data splitting was performed at a ratio of
60:40 between the training and testing sets. The highest AUC-ROC was 0.93 for valves in the totally mixed
model case, and the lowest value AUC-ROC was about 0.55 for valves in the binary case. First, all the
machines (pump, fan, slide rail, and valve) were checked for all their parameters. ROC stands for receiver
operating characteristic.

Therefore, this work seeks further improvements in the accuracy of fault detection in industrial machines,
handling overfitting, and increasing the speed of deployment by reducing computational costs. This paper
presents a new CNN-based DL model for the detection of malfunctions using the sounds of industrial
machines. After feature extraction, SMOTE was used to balance the training set. Although recurrent
architectures such as RNNs, LSTMs, and GRUs have been widely used for audio sequence modeling, this study
adopts a CNN-based architecture because of its superior efficiency in learning localized time-frequency
patterns from 2D acoustic feature representations. CNNs offer faster convergence, lower computational
overhead, and improved robustness to localized noise distortions compared with sequential models, which
are often more sensitive to noise accumulation across time steps. Moreover, CNNs integrate early stopping
and dynamic LR scheduling, supporting the objective of reducing training costs and overfitting while
maintaining high classification performance in industrial deployments, and the model was trained and tested
on a well-known MIMII dataset [12], version “public 1.0”. MIMII is an imbalanced real-world dataset for
industrial machine fault detection that features stationary and nonstationary records from four types of
machines: valves, pumps, fans, and slide rails. Each machine includes a sub-dataset for different SNRs: -6 dB,
0 dB, and 6 dB. Each sub-dataset with a specific SNR includes four individual product models, which refer to
each product model as a “device”, each of which contains normal and abnormal sounds, including issues such
as leakage, contamination, rail damage, and unbalanced rotation. The datasets also include background noise
from real factories. This dataset was specifically collected for tasks such as anomaly detection, transfer
learning, and noise robustness testing. The results of the experiment showed that without specific methods
to handle noise, the proposed model achieved optimal performance when the SNR was 6 dB and high
performance in other SNRs compared with the state-of-the-art work implemented on the same dataset. In
addition, a fair data-splitting approach was adopted to maintain the same imbalance ratio among the
training, validation, and testing datasets, and a fair representation of each device in each phase.

2 Proposed approach
2.1 Fair per device/state data splitting

In this work, to preserve fair (i.e., representative) samples from each device and its states in training,
validation, and testing for more reliable performance estimates, this work implements a hierarchical
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adaptation of a multi-stage stratified splitting protocol where “hierarchical” refers to nested organization of
data (SNR — machine type — device ID — state/label), and “multi-stage” reflects that splitting is carried out
independently within each device/state group before submitting the final training, validation, and test sets.
Shuffling was implemented before splitting to prevent order bias. For instance, considering a pump device
operating at 6 dB SNR with 3749 normal sound files, this work performs splitting for each device separately,
based on 70:15:15. The final sum of the results was 2623 training samples (approximately 69.96%), 560
validation samples (approximately 14.93%), and 566 test samples (approximately 15.10%). In such cases,
the results are close to the ideal 70:15:15, because when splitting, rounding the integer for training and then
for validation may leave a bit more samples in the testing set.
Table 1 provides an example of pump-splitting results.

Table 1
Data splitting example on pump.
SNR (dB) ID State Total Train Validate Test
Normal 1006 704 150 152
ID 00
Abnormal 143 100 21 22
Normal 1005 703 150 152
ID 02
6 Abnormal 111 77 16 18
Normal 702 491 105 106
ID 04
Abnormal 100 70 15 15
Normal 1036 725 155 156
ID 06
Abnormal 102 71 15 16
Sum normal 3749 2623 560 566
Sum abnormal 456 318 67 71

To evaluate the adopted data-splitting protocol, we compare it with a stratified baseline method with
similar settings, including split ratio and hierarchical structure, but the baseline uses the class label (state)
without enforcing per-device in machine type. To assess fairness, the maximum deviation measures were
considered because they expose the largest discrepancy produced during the splitting process. This is
particularly important in industrial settings, where strict guarantees are required to ensure that each split is
as much as possible faithful and representative miniature of the original. Therefore, to quantify the effect on
device representativeness, the change in device composition within each class before and after splitting was
calculated as follows:

i) For each class y € {normal, abnormal} and device d, the device fraction in the full set p,,(d|y) and in
each split p,(dly) for s € {train, val, test} was calculated. For example, in the (6 dB, pump) subset in the
adopted splitting protocol, as shown in Table 1, pan(id_00|normal) = 1006/3749 =~ 0.268; and in the training
split Puain(id_00 | normal) = 704/2623 = 0.268 for other splits and states.

ii) Then report the maximum deviation as A(d, y) = max,|p(d|y) — pa(d]y)|. A lower A indicates that the
device coverage is preserved more faithfully across the splits.

The results showed that the adopted protocol yielded smaller deviations in device representativeness in
the selected (6 dB, pump) subset (normal: max4 = 0.000722; abnormal: max4 = 0.010100), while the
stratified baseline showed larger device-level drift (normal: max4 = 0.040849; abnormal: max4 = 0.102576).

2.2 General workflow

The proposed workflow based on the MIMII sound dataset is shown in Fig. 1. The original dataset
includes three levels of SNR (-6 dB, 0 dB, and 6 dB) for different types of machines (pump, fan, valve, and
slide rail). This study considered all the data for each machine type under all SNRs and the presence of
normal and abnormal samples. For each machine, there is a model trained on the data for that machine at all
SNR levels. Four models were used in the results. The training and validation sets were first subjected to
feature extraction and normalization, and then SMOTE was applied to balance the training set only. The
trained and validated models were evaluated using a preprocessed testing set. The workflow was applied to
all machine types.
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Fig. 1. General workflow.

2.3 Preprocessing

Each waveform audio file format (WAV) file transformed into a NumPy array in Python represented a
signal in the time domain. The feature extraction steps were explained where the multichannel audio was
averaged to mono as the input and then extracts a broad range of features.

The extracted features were concatenated into a unified feature matrix, which was reshaped for DL
architectures. All the features were extracted using the Librosa library (Version 0.10.2) in Python at a
sampling rate of 16 kHz. We used an FFT size (ng;) of 2048, with 128 Mel filters and 40 MFCCs. LMs were
computed using power_to_dB (ref = np.max), SR used roll_percent = 0.85 (the percentage threshold used to
compute the spectral roll-off frequency), Hann window, win_length = 2048 (the number of audio samples
included in each analysis window during signal processing), and hop_length = 512 (the number of samples
between consecutive analysis windows in audio processing, win_length/4). Other details are presented in
Fig. 2. The training and validation feature sets were then standardized using StandardScaler from the
Scikit-learn library (Version 1.5.2) in Python, ensuring a mean of zero and standard deviation of 1 for
uniform scaling.

Subsequently, SMOTE was imported from the imblearn.over_sampling library and configured with
(random_state = 42, sampling_strategy = ‘auto’, and k_neighbors = 5) and was applied only to the training sets
to balance the data before model training. Note that when setting strategy to ‘auto’, the algorithm identifies
all classes except the majority class and oversamples them until they contain the same number of samples as
the majority class. SMOTE operates in the feature space using K-nearest neighbors, where for each minority
sample in the training set, a neighbor is selected and a new sample is created by linear interpolation between
them. Table 2 shows an example of class distribution before and after SMOTE.

Note that the Librosa library (Version 0.10.2) preserves the core mathematical concepts of audio
features (e.g., SC) while adjusting output formats and implementation details, such as outputting SC in Hz
rather than bin indices as detailed in its documentation [37], enhancing computational efficiency and DL
compatibility.
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Require: Input audio signal x (NumPy array), sampling rate f, (default 16 kHz),
number of MFCC coefficients ny. (40 used), FFT window size ng (2048

used), number of Mel bands ny,, (128 used)

Ensure: Feature matrix F

1: if x is multi-channel then

2: x < mean(x)

rend if

MFCC « mfcc(X, fo, Nyeco Mper)

MelSpec < melspectrogram(X, fi, Ngpr, Nyel)

LM « power_to_dB(MelSpec, ref = max(MelSpec))

: SC « spectral_centroid(x, f;, ngy)

: SR « spectral_rolloff(x, f,, ng, 0.85)

: SF « spectral_flatness(x, ny;)

10: SB « spectral_bandwidth(x, f;, ng)

11: ZCR « zero_crossing_rate(x)

O LN U W

MFCC
LM
SC
12: F « SR > Vertical concatenation
SF
SB
ZCR
13: F < reshape(F)
14:return F
Fig. 2. Preprocessing.
Table 2
Class distribution of training data before and after SMOTE.
Machine Training dataset Normal Abnormal Total samples Synthetic samples generated
Val Before SMOTE 7746 1005 8751 /
alve
After SMOTE 7746 7746 15492 6741
Before SMOTE 7864 954 8818 /
Pump
After SMOTE 7864 7864 15728 6910
Slid Before SMOTE 6720 1863 8583 /
ide
After SMOTE 6720 6720 13440 4857
. Before SMOTE 8553 3090 11643 /
an
After SMOTE 8553 8553 17106 5463

2.4 Proposed CNN model architecture

The architecture of the proposed model is illustrated in Fig. 3, where the output shapes (none, 85, 155,
32) are (batch, height, width, and channels). The model follows a sequential architecture consisting of three
convolutional blocks, where the number of filters ranges from 32 to 128. Each convolutional block contains
further Conv2D layers using a 3 x 3 kernel and ReLU activations assisted by BN, which is used to stabilize and
speed up training. Downsampling features were achieved by applying MaxPooling2D layers, and dropout was
used to overcome overfitting, where the dropout rate begins at 0.3 and increases in the last block. The
extracted features were passed through fully connected layers. The data were reshaped for dense processing
by the flattened layer, followed by a dense layer of 256 units with ReLU activations, BN, and a dropout rate of
0.5. Such a configuration is used to ensure a balance between deep feature learning and reduce overfitting.
Finally, the dense layer consists of a single unit and sigmoid activation, which outputs a probability score for
the binary classification. The model was compiled with the Adam optimizer chosen for its capacity for
adaptive LRs and binary cross-entropy loss for binary classification purposes. The batch size was determined
to be 32 when the compiled model was used for training. During training, metrics such as accuracy and AUC
were used to evaluate performance.
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2.5 Dynamic training criteria

The proposed training strategy combines
EarlyStopping and ReduceLROnPlateau callbacks
imported from Tensorflow. keras. callbacks to
enhance the performance. The validation loss
triggers the training termination with the
restoration of the best weight when it shows no
improvement over seven validation epochs
(patience = 7). Smaller patience values lead to
premature convergence, whereas larger values do
not yield measurable performance gains. Using these
methods results in both the prevention of overfitting
and a reduction in computation costs. The
ReduceLROnPlateau callback uses validation loss
trends to automatically determine changes in LR.
The LR decreases by 0.2 factor during three
sequential epochs with no reduction in loss to
improve weight updates. The threshold value for the
minimum LR was 1x10” to avoid ineffective
adjustments. These parameters were selected
empirically through preliminary experiments to
balance the convergence stability and training
efficiency. Smaller patience values (<3) led to
premature termination before validation
convergence, particularly at lower SNR levels,
whereas larger values (>10) did not yield
measurable performance gains but increased
training time. Similarly, reducing LR by a factor of
0.2 provided a stable trade-off between convergence
speed and fine-grained optimization; more
aggressive reductions slowed convergence, whereas
smaller reductions had a negligible effect.

3 Experiments
3.1 Setup

The experiments were implemented using
Python Version 3.10.12, on a single node equipped
with a 1x12th Generation Core i7-12700H
processor, 16 GB DDR5 RAM, and an NVIDIA
GeForce RTX 3060 GPU with 6 GB memory. Training
was implemented on a GPU using TensorFlow
Version 2.17.0. The dataset was the MIMII dataset
for malfunctioning detection in the sounds of
industrial machines. All machine types (valves,
pumps, fans, and slide rails) with all their devices

and under all SNRs available at the time of writing this paper were considered. For each machine type, a
separate model was trained on all SNR values, including all machine model IDs available in the dataset for

this machine.
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Layer 1: Conv2D (32 filters, 3x3, ReLU) (None, 171, 311, 32)

Layer 2: BatchNormalization (None, 171, 311, 32)

Layer 3: MaxPooling2D (2x2) (None, 85, 155, 32)

Layer 4: Dropout (0.3) (None, 85, 155, 32)

Block 2 [

Layer 5: Conv2D (64 filters, 3x3, ReLU) (None, 83, 153, 64)

Layer 6: BatchNormalization (None, 83, 153, 64)

Layer 7: MaxPooling2D (2x2) (None, 41, 76, 64)

Layer 8: Dropout (0.3) (None, 41, 76, 64)

Block 3 l

Layer 9: Conv2D (128 filters, 3x3, ReLU) (None, 39, 74, 128)

Layer 10: BatchNormalization (None, 39, 74, 128)

Layer 11: MaxPooling2D (2x2) (None, 19, 37, 128)

Layer 12: Dropout (0.4) (None, 19, 37, 128)

Classifier head l

Layer 13: Flatten (None, 89984)

Layer 14: Dense (256 units, ReLU) (None, 256)

Layer 15: BatchNormalization (None, 256)

Layer 16: Dropout (0.5) (None, 256)

Layer 17: Dense (1 unit, Sigmoid) (None, 1)

Fig. 3. Model architecture in the proposed approach.
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3.2 Results

This study used accuracy, AUC, F1-score,
precision, recall, MCC, and Kappa as base evaluation
metrics. In addition, Fig. 4 shows the confusion
matrices obtained in the present experiment with
the dynamic criteria for all machines and all SNR
levels in the dataset. Table 3 shows that the number
of epochs used during training (best and all) varied
owing to the callbacks used (EarlyStopping and
ReduceLROnPlateau).

Table 3
Number of epochs in each run.
1strun 2nd run 3rd run

Machine
Best All Best All Best All
Valve 20 27 12 19 6 13
Pump 11 18 19 26 10 17
Fan 19 26 15 22 10 17
Slide 11 18 19 26 12 19

While the initial setup was configured to run at
100 epochs, subsequent training runs required
considerably fewer epochs, indicating Dbetter
efficiency and lower computational costs. For
example, the largest number of epochs the valve
machine trained for in the 1st run was up to 27
epochs and 13 epochs in the 3rd run. Additionally,
regarding the time cost, Table 4 reports the GPU
training times with and without dynamic criteria for
pump and fan as an example, where enabling the
dynamic criteria reduced the training time to
10.94 min (18 epochs), saving 44.68 min (~80.3%),
with a similar gain in time with fan saving of
45.8 min (~74.69%).

Table 4

GPU training time and executed epochs for pump and fan
1st run, comparing dynamic criteria training against a
fixed epoch training without dynamic criteria under the
same hardware and experimental setup (combined SNR:
6 dB, 0 dB, and -6 dB).

Training Time Cost

Dynamic Planned Executed

Machine criteria epochs  epochs time saved reduction
p p (min)  (min) (%)
Yes 100 18 ~10.94 ~44.68 ~80.30
Pump
No 100 100 ~55.62 / /
. Yes 100 26 ~15.52 ~45.80 ~74.69
an
No 100 100 ~6132 / /

Table 5 shows the accuracy, AUC, F1-score,
recall, precision, MCC, and Kappa resulting from this

Journal of Electronic Science and Technology 24 (2026) 100372

Predicted
Normal Abnormal
Normal FP
True
Abnormal FN TP
SNR | Machine Istrun 2nd run 3rd run
0 0 0
Valve
0 73 0 73 0 73
0 0 0
Pump
0 7/l 0 71l 0 7/l
6
0 0 0
Fan
0 (s 0 [ 0 (s
484 [ 484 484 [
Slide
0 |mi 0 | 0 [
SNR | Machine Istrun 2nd run 3rd run
3 4 4
Valve
0 73 0 73 0 73
1 5 4
Pump
4 67 4 67 6 65
-6
8 10 9
Fan
20 | 205(]| 17 | 208(| 21 [204
2 2
Slide 2
3 [134 3 [ 3 [
SNR | Machine 1strun 2nd run 3rd run
0 0 0
Valve
1 2 il 72 i V2
| 0 0 | il
Pump
3 68 3 68 5 66
0
0 1 0
Fan
1 s 1 | 2 |
484 W] 1 484 B
Slide
137 0 [N 0 [

Fig. 4. Confusion matrices obtained in the proposed
approach experiment with dynamic criteria’s and SMOTE
on training sets.
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study with dynamic criteria. Each value of the performance metrics was averaged over three training and
testing runs, with independent initialization.

Table 5
Averages of accuracy, AUC, F1-score, precision, recall, MCC, and Kappa of the proposed model on the testing set after
three training and testing runs with independent initialization.

Machine SNR (dB) Accuracy AUC F1-score Precision Recall MCC Kappa
6 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000

Valve 0 0.99841 0.99521 0.99310 1.00000 0.98630 0.99224 0.99221
-6 0.99418 0.99992 0.97551 0.95221 1.00000 0.97259 0.97221

6 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000

Pump 0 0.99372 0.99728 0.97112 0.99502 0.94836 0.96796 0.9676
-6 0.98744 0.99648 0.94322 0.95263 0.93427 0.9363 0.93617

6 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000

Fan 0 0.99802 0.99999 0.99629 0.99852 0.99408 0.99494 0.99493
-6 0.96627 0.99376 0.93554 0.95811 0.91407 0.91321 0.91272

6 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000

Slide 0 0.99946 1.00000 0.99879 0.99758 1.00000 0.99845 0.99844
-6 0.99195 0.99978 0.98168 0.98529 0.9781 0.97654 0.97653

The results in Table 5 show that with an SNR of 6 dB, the proposed model performs perfectly for all
machines, as indicated by all metrics being uniformly equal to 1, demonstrating that the model works best
with high-quality signals under the highest signal-quality condition in the MIMII dataset. At SNR levels of
0 dB and -6 dB, where noise interference is more hardened, there is a slight degradation in performance,
particularly for pump and fan machines. Regarding the recall scores of the pump, note the least recall
(0.94836 at 0 dB, 0.93427 at -6 dB) and MCC (0.96796 at 0 dB, 0.9363 at -6 dB).

It is worth noting that data leakage is explicitly prevented by the strict per-device and per-state
data-splitting strategy described in Section 2. All splits were performed before pre-processing, and SMOTE
was applied exclusively to the training set. The validation and testing sets remained untouched, and feature
normalization parameters were derived only from the training data. In addition, perfect performance was
observed only at 6-dB SNR, which is the highest-quality signal condition in the MIMII dataset. At lower SNRs
(0 dB and -6 dB), the performance consistently degrades (e.g., Fan Recall = 0.91407 at -6 dB), which would
not occur if the model was overfitting or memorizing the data. Overfitting is further prevented through early
stopping, dynamic LR scheduling, dropout, and BN. The stability of the results across runs, together with the
SNR-dependent performance trend, supports the validity of the reported results.

In general, at an SNR of -6 dB the fan appears to be the most challenging machine, despite being better
than the pump at an SNR of 0 dB, suggesting that some patterns tend to be difficult to identify under different
noise conditions. Nevertheless, considering the overall performance, it indicates the robustness of the
proposed model at different SNR levels given that no special methods to treat noise were applied. In addition,
the results strongly suggest that if noise is handled, the proposed model can achieve better predictions across
all machines regardless of the complexity of their sound patterns.

However, for additional investigation, three additional experiments were provided for the most
challenging machine, which was the fan (noting that “full model” will refers to the proposed model with
SMOTE and all dynamic criteria in this work) and as follows:

i) The same model, but with SMOTE and without dynamic criteria: The training completes the 100 epochs
and the main degradation is at -6 dB, where the abnormal (minority-class) recall falls to 0.88444 (it was
0.91407 on average in the full model), causing missing more minority samples and the misclassified samples
increasing from ~28 (in the full model) to 34. At 0 dB, the degradation is small but still measurable, where
the misclassified samples range from 1 (in the full model) to 2. At 6 dB, this effect was negligible.

ii) The same model, but without SMOTE and with dynamic criteria: At -6 dB, the model recall for
abnormal (minority class) drops to 0.8933, meaning it misses more from the minority class than it did (with
0.91407 on average in the full model); therefore, the total number of misclassified samples also increase from
28 to 31. At 0 dB, the decline was still noticeable when the misclassified samples ranged from 1 to 3. At
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6 dB, the effect is minimal because the performance remains near-perfect, but (without SMOTE) still sees a
single misclassified sample instead of none in the full model.

iii) The same model but without SMOTE and without dynamic criteria: The training completes the
100 epochs and the drop at -6 dB becomes very pronounced, where the recall for the minority class
decreased from 0.91407 on average in the full model to 0.85333, causing 40 misclassified samples in total,
compared to only approximately 28 in the full model. At 0 dB, the degradation is minor but still observable,
where the misclassified samples increase to 3. At 6 dB, the effect is negligible, whereas the performance
remains perfect, with zero misclassified samples.

3.3 Comparisons of results

To maintain consistency and reliability, this study compares the results of the proposed method with
those of the supervised methods from the literatures, where both are evaluated on the same dataset using a
clearly explained data splitting approach. Comparisons are limited to officially published studies with
well-defined metrics and experiments conducted on a full dataset or reasonable subsets. For each machine,
all related data were thoroughly considered. Only studies presenting numerical metrics in tables or text were
included, avoiding estimates from figures unless values were clearly discernible.

Table 6 shows a comparison of the results between the proposed model and those in Ref. [18], specifically
for the best AUC results achieved by the authors when they implemented MLP with a full stack of features
used, including MFCC. Improvements were made in all the metrics of the proposed model.

Table 6
Comparison of the results between the proposed method and those in Ref. [18] in terms of AUC.
Machine SNR (dB) MLP + full features in Ref. [18] Proposed
0.997 1.00000
Fan 0 0.977 0.99999
-6 0.917 0.99376
0.983 1.00000
Pump 0 0.966 0.99728
-6 0.928 0.99648
0.994 1.00000
Slide 0 0.985 1.00000
-6 0.961 0.99978
0.929 1.00000
Valve 0 0.842 0.99521
-6 0.766 0.99992

Table 7 shows the average results of the proposed model compared with the results of the proposed
weighted majority voting (WMV) approach in Ref. [20]. Considering all 14 values (for both pump and valve)
of the comparison metrics, the proposed method achieved improvement over WMV in 10 of them.

Table 7
Comparison of the averaged results over all SNRs with results of WMV in Ref. [20].
Machine Work Accuracy AUC F1-score Precision Recall MCC Kappa
Pump Proposed 0.99372 0.99792 0.97145 0.98255 0.96088 0.96809 0.96792
WMV 0.97447 0.99810 0.97562 0.98198 0.96535 0.94893 0.94884
Valve Proposed 0.99753 0.99838 0.98954 0.98407 0.99543 0.98828 0.98814
WMV 0.98211 0.99930 0.98289 0.98221 0.98357 0.96414 0.96414

Furthermore, Ref. [21] achieved an accuracy of 97.8 in classifying fan sounds, while the proposed method
achieved an average of 0.9881.

In addition, based on confusion matrices for LGBM and SVM in the partially mixed classification method
proposed in Ref. [22], Table 8 shows that the proposed approach significantly outperforms all the results of
the classification performance.
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Table 8
Comparison of the classification performance with partially-mixed classification in Ref. [22].
SNR (dB) Machine State Model Value Proposed
Normal LGBM 0.83 1.00000
Valve
Abnormal SVM 0.68 1.00000
Normal SVM 0.99 1.00000
Pump
p Abnormal SVM 0.93 1.00000
F Normal LGBM or SVM 0.99 1.00000
an
Abnormal LGBM or SVM 0.99 1.00000
Slid Normal SVM 0.96 1.00000
ide
Abnormal SVM 0.95 1.00000
Normal LGBM 0.67 1.00000
Valve
Abnormal SVM 0.47 0.98630
Normal LGBM 0.89 0.99941
Pump
0 Abnormal SVM 0.81 0.94836
F Normal LGBM or SVM 0.90 0.99946
an
Abnormal SVM 0.96 0.99407
Slid Normal SVM 0.80 0.99931
ide
Abnormal SVM 0.88 1.00000
Normal LGBM 0.47 0.99342
Valve
Abnormal LGBM 0.31 1.00000
Normal LGBM 0.64 0.99411
Pump
6 Abnormal SVM 0.68 0.93427
. Normal LGBM 0.66 0.98537
an
Abnormal SVM 0.92 0.91407
Slid Normal LGBM 0.49 0.99587
ide
Abnormal SVM 0.74 0.97810

4 Discussion

The stratified data splitting method is typically used to preserve class proportions across the training,
validation, and testing sets, yet it may fail to reflect the higher-level structure inherent in multi-branch,
multi-level hierarchical datasets, such as MIMI], unless additional constraints are explicitly enforced. Such a
stratification split may not guarantee that the devices are fairly represented within each class. This is not a
trivial theoretical concern in multi-device industrial data, where device-to-device variability often embeds
recording, sensor, and environmental signatures that can lead a DL model to learn device-specific signatures
rather than fault-related patterns. As a result, performance may appear stable while the underlying device
composition drifts across the splits.

Therefore, the contribution of the adopted hierarchical multi-stage stratified splitting protocol is not the
claim that the baseline stratification split method “does not work”, but that it is insufficient to satisfy a
device-level fairness requirement. This requirement was applied through a multistage hierarchical stratified
splitting protocol (SNR—machine type—device ID—state/label), which performs splitting within each
(device, state) group before preprocessing. The effectiveness was confirmed using the maximum deviation in
device composition within each class (see Section 2), where the baseline stratified splitting method exhibits
substantial drift (normal: max 4 = 0.040849; abnormal: max 4 = 0.102576), whereas the adopted protocol
reduces these deviations to near-zero levels (normal: 0.000722; abnormal: 0.010100), indicating that the
issue lies not in stratification itself, but the level at which constraints are imposed.

With respect to SMOTE, the pre-SMOTE totals are approximately 30883 normal samples versus 6912
abnormal samples in the training set, that is, about a 4.47:1 ratio in favor of the normal class (about 81.7%)
versus abnormal (about 18.3%). In addition, skipping dynamic training controls such as EarlyStopping and
ReduceLROnPlateau, even when keeping SMOTE, would increase the cost by approximately 80%. Removing
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SMOTE alone or by removing the dynamic criteria would cause a bias classifier, especially under higher noise
conditions toward the majority class, and lead to a clear drop in the ability to classify the minority class
(abnormal) classification, especially in high noise conditions, as shown by the experiments implemented in
the results.

Additionally, the comparative results in Tables 6—8 indicate a meaningful advantage for the proposed
model, given that the comparisons were restricted to officially published studies on the same dataset with
clearly reported numerical metrics. Against Ref. [18] and Table 6, the improvement in AUC holds across all
machine types and SNR levels. More importantly, the gap with Ref. [18] tends to increase as the signal quality
deteriorates (0 dB and -6 dB), suggesting that the proposed model does not outshine on a better signal
(6 dB) but remains competitive under more challenging noise conditions. This is particularly evident for the
valve machine, where in Ref. [18] AUC increases (from 0.766, 0.842, to 0.929), whereas in the proposed
model, it is more stable (from 0.99521, 0.99992, to 1.00000). In comparison with the WMV approach shown in
Table 7 proposed in Ref. [20], considering all 14 values (for both pump and valve) of the comparison metrics,
the proposed model achieved improvement over WMV in 10 of them. In addition, the fan result reported in
Ref. [21] (97.8% accuracy) is comparable to the proposed method (0.9881 average accuracy). However, Ref.
[21] showed signs of overfitting under low signal quality (95% training vs. 85% testing accuracy), whereas
the proposed model maintained competitive performance under more severe noise conditions (0 dB and
-6 dB). Finally, Table 8 provides a comparison with the partially mixed classification method in Ref. [22],
where, over all machines, SNR levels, and crucially across states, the proposed model yields superior
performance. The most significant improvements appeared for the abnormal class under 0 dB and -6 dB.
Overall, these demonstrate more robust and consistent gains in malefaction detection, with benefits under
noisier conditions, which are more realistic in industrial environments.

5 Conclusions

Audio analysis could be important for industrial operations when it serves as a data source that reveals
information about a machine’s mechanical states. Acoustic analysis methods help manufacturers discover
operational abnormalities, including internal problems that cannot be detected by traditional sensing
methods. The complex nature of sound signals requires both specific preprocessing and the recognition of
particular acoustic features as part of their non-stationary characteristics. When dealing with unbalanced
datasets, the task becomes more difficult because this situation may cause DL models to be biased toward
predictions that align with the major classes. Accurate model performance requires selecting suitable
acoustic features together with a proper data-splitting strategy. In a supervised CNN model, featuring an
early stopping method and a dynamic LR procedure was proposed to achieve the improved model
performance across all metrics, enhance generalization, and reduce training costs by automatically managing
the number of epochs. The assessment of the model was implemented using the MIMII real-world dataset,
which was imbalanced and contained multiple SNR. SMOTE was applied to balance the training data after
feature extraction. The adopted data splitting strategy uses devices and their state as the unit to distribute
samples between the training, validation, and testing phases to maintain fair representative data in each
subset. The results showed the optimal model performance at an SNR of 6 dB for all machines with minimal
performance degradation when the signal was corrupted by the SNR (0 dB and -6 dB). Within the MIMII
dataset, pump demonstrated the lowest values of recall 0.94836 at 0 dB and 0.93427 at -6 dB, as well as MCC
0.96796 at 0 dB and 0.9363 at -6 dB. Interestingly, while the fan outperformed the pump at 0 dB, it became
more difficult at -6 dB.

Future research may include testing the proposed model by using industrial machine datasets to establish
its true generalization. Future analysis will also determine the performance of the proposed system when
using multiple noise treatment methods and data streaming conditions.
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