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Abstract: Anomalous sound detection is essential for industrial predictive maintenance, as ma-
chine failures often originate from subtle acoustic changes during operation. However, high
background noise and limitations of conventional Convolutional Neural Networks (CNN) re-
duce detection reliability. This study proposes a 1D-CNN-based anomaly detection framework
with multi-view feature fusion and temporal segmentation to enhance detection performance.
The approach combines MFCC, Log-Mel Spectrogram, and Chroma STFT features, while tem-
poral segmentation divides audio signals into 5-second segments to better capture transient
anomalies. Experiments on the MIMII dataset under varying Signal-to-Noise Ratio (SNR) con-
ditions show that MFCC and Log-Mel fusion achieves the best performance, with 97.90% accu-
racy and ROC-AUC of 0.9789. The model maintains accuracy above 90% at —6 dB, demon-
strating strong robustness in noisy industrial environments.

Keywords: industrial anomaly detection; 1D-CNN; multi-view feature fusion; temporal
segmentation; MIMII dataset.

Abstrak: Deteksi anomali suara merupakan komponen penting dalam sistem pemeliharaan
prediktif industri, karena kegagalan mesin sering diawali oleh perubahan akustik yang bersifat
halus selama proses operasi. Namun, tingkat kebisingan yang tinggi serta keterbatasan arsitektur
Convolutional Neural Network (CNN) konvensional dapat menurunkan keandalan deteksi.
Penelitian ini bertujuan mengusulkan kerangka deteksi anomali berbasis 1D-CNN yang
mengintegrasikan strategi fusi fitur multi-view dan segmentasi temporal untuk meningkatkan
kinerja deteksi. Pendekatan yang digunakan menggabungkan fitur MFCC, Log-Mel
Spectrogram dan Chroma STFT, sementara teknik temporal splitting membagi sinyal audio
menjadi segmen berdurasi 5 detik untuk menangkap anomali yang bersifat sementara.
Eksperimen menggunakan dataset MIMII pada berbagai kondisi Signal-to-Noise Ratio (SNR)
menunjukkan bahwa kombinasi MFCC dan Log-Mel Spectrogram menghasilkan kinerja terbaik
dengan akurasi 97,90% dan ROC-AUC sebesar 0,9789. Model juga mempertahankan akurasi di
atas 90% pada kondisi kebisingan ekstrem (—6 dB) yang menunjukkan ketahanan yang baik
dalam lingkungan industri yang bising.

Kata kunci: deteksi anomali industri; 1D-CNN; fusi fitur multi-view; segmentasi temporal;
dataset MIMII
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INTRODUCTION

Sustainable industrial development
depends heavily on the reliability and
performance of production machinery
operating in sectors such as manufactur-
ing, energy, and transportation [1], [2].
Machine failures can disrupt system op-
erations and lead to significant financial
losses, increased maintenance costs, and
safety risks [3], [4]. To address these
challenges, maintenance strategies have
evolved from reactive and preventive ap-
proaches toward predictive maintenance,
which enables early detection of abnor-
mal machine behavior and supports time-
ly intervention to minimize operational
disruptions [5]

Acoustic  signal analysis  has
emerged as an effective approach for
predictive maintenance due to its non-
destructive nature, cost efficiency, and
capability for real-time monitoring [8],
[9]. Machine operations produce charac-
teristic acoustic signatures under normal
conditions, while deviations from these
patterns may indicate early-stage faults
[10]. However, industrial environments
typically contain high levels of back-
ground noise, and raw audio signals ex-
hibit high dimensionality and complex
temporal structures. In addition, short-
duration anomalies may be obscured
when long audio recordings are pro-
cessed as a single input, making reliable
detection more challenging [11].

Various audio feature extraction
techniques have been widely adopted to
address these challenges, including Mel-
Frequency Cepstral Coefficients
(MFCC), Log-Mel Spectrogram, and
Chroma Short-Time Fourier Transform
(Chroma STFT), which capture comple-
mentary acoustic characteristics such as
timbre, spectral energy, and harmonic
content [12], [13]. Nevertheless, previous
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studies report inconsistent performance
across different feature representations,
and no consensus has been established
regarding the most effective approach for
industrial anomaly detection, particularly
under noisy conditions [14]. Further-
more, limited attention has been given to
integrating multiple feature representa-
tions with temporal segmentation strate-
gies to enhance the detection of transient
anomalies.

This study proposes a robust indus-
trial audio anomaly detection framework
based on a 1D-Convolutional Neural
Network (1D-CNN) combined with mul-
ti-view feature fusion and temporal split-
ting. The proposed approach integrates
MFCC, Log-Mel Spectrogram, and
Chroma STFT features to capture com-
plementary information, while temporal
splitting divides audio signals into shorter
segments to improve sensitivity to transi-
ent anomalies. Experiments are conduct-
ed using the MIMII dataset with pump
machine recordings under multiple noise
conditions [15]. The contributions of this
study include a systematic evaluation of
multi-feature representations, improved
anomaly detection performance under
noisy environments, and the development
of a practical framework for industrial
predictive maintenance applications [16].

METHOD

Research Design

This research adopts a comparative
experimental design to evaluate the effec-
tiveness of different audio signal trans-
formation techniques for industrial ma-
chine anomaly detection [17]. The exper-
iment examines preprocessing strategies
and feature extraction methods as inde-
pendent variables, while anomaly detec-
tion performance is treated as the de-
pendent variable. The proposed ap-
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proach, which integrates Feature Fusion
and Temporal Splitting, is compared with
a baseline model using quantitative eval-
uation metrics [18]. As illustrated in Fig-
ure 1, the research workflow begins with
data acquisition from the MIMII dataset,
followed by temporal segmentation, fea-
ture extraction using MFCC, Log-Mel
Spectrogram, and Chroma STFT, and
classification using a 1D-CNN model.
The final stage evaluates model perfor-
mance under varying Signal-to-Noise
Ratio (SNR) conditions to assess robust-
ness in noisy industrial environments
[19].

START

Mel-frequency Cepstral
Coefficients (MFCC)

Model Training
Log-Mel Spectrogram fLog Mel

Model Training
(Chroma STFT)

Model Training
(Feature Fusion)

Image 1. Research Workflow of the Pro-
posed Anomaly Detection System

Data Acquisition

This study utilizes audio record-
ings from the publicly available MIMII
(Malfunctioning Industrial Machine In-
vestigation and Inspection) dataset,
which contains machine sound data col-
lected under both normal and malfunc-
tioning operating conditions in real in-
dustrial environments [15], [20]. Audio
signals are recorded using microphones
positioned near operating machines to
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capture realistic acoustic characteristics.
The experiment focuses on pump ma-
chine recordings (machine ID 00), in-
cluding both normal and anomalous con-
ditions to enable the model to learn dis-
tinct operational patterns. To evaluate
robustness, the dataset is tested under
varying noise conditions with Signal-to-
Noise Ratio (SNR) levels of 6 dB, 0 dB,
and —6 dB, simulating realistic industrial
environments affected by background
noise [21].

Data Preprocessing

Data preprocessing prepares raw
audio recordings for feature extraction
and model training. In the MIMII dataset,
each audio sample has a duration of 10
seconds, which may obscure short-
duration anomalies. To address this, tem-
poral splitting is applied to divide each
recording into 5-second segments, in-
creasing the number of training samples
and improving the model’s ability to cap-
ture transient anomaly patterns [22]. Af-
ter segmentation, the dataset is parti-
tioned into training, validation, and test-
ing subsets using an 80:20 split between
training and testing data, with a portion
of the training set allocated for valida-
tion. The final distribution consists of
64% training, 16% validation, and 20%
testing data, ensuring balanced evaluation
and reducing the risk of overfitting [23],
[24].

Feature Extraction and Feature Fusion

Feature extraction transforms seg-
mented audio signals into structured nu-
merical representations suitable for ma-
chine learning models. This study em-
ploys three complementary feature ex-

traction  techniques, namely  Mel-
Frequency Cepestral Coefficients
(MFCC), Log-Mel Spectrogram, and

Chroma Short-Time Fourier Transform
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(Chroma STFT), which capture timbral
characteristics, time—frequency energy
distribution, and harmonic pitch infor-
mation, respectively [17], [25]. To lever-
age the complementary nature of these
features, feature fusion is implemented
using a vector concatenation strategy,
where feature representations are aligned,
flattened and combined into a unified
feature vector. Multiple feature combina-
tions are evaluated, including MFCC +
Log-Mel, MFCC + Chroma STFT and
Log-Mel + Chroma STFT. Prior to fu-
sion, all features are normalized using
Standard Scaler to ensure consistent scal-
ing, improve model stability, and prevent
dominance of features with larger numer-
ical ranges [21].

Model Architecture and Training
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Image 2. Architecture 1D-CNN Model
for industrial machine anomaly detection

Anomaly detection in this study is
performed using a one-dimensional Con-
volutional Neural Network (1D-CNN)
designed to process sequential acoustic
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features derived from MFCC, Log-Mel
Spectrogram, Chroma STFT, and their
fusion combinations [26], [27]. As illus-
trated in Figure 2, the proposed model
consists of three convolutional blocks
with 32, 64, and 128 filters, each fol-
lowed by Batch Normalization and Max-
Pooling layers to stabilize learning and
reduce feature dimensionality. Dropout
regularization is applied to improve gen-
eralization, with rates of 0.2 in the first
block and 0.3 in subsequent blocks [28].
The extracted feature maps are then flat-
tened and passed to a fully connected
Dense layer with 64 neurons using ReLU
activation, followed by a Sigmoid output
layer that produces a probability score for
binary classification of normal and
anomalous machine conditions.

Model Evaluation

Model performance is evaluated
using quantitative metrics to assess the
ability of the proposed model to distin-
guish between normal and anomalous
machine conditions. The evaluation em-
ploys Accuracy, Receiver Operating
Characteristic-Area Under Curve (ROC-
AUC), and Matthews Correlation Coeffi-
cient (MCC). Accuracy measures the
proportion of correctly classified sam-
ples, ROC-AUC evaluates class separa-
bility across different classification
thresholds, and MCC provides a balanced
metric by considering all elements of the
confusion matrix, making it suitable for
binary classification tasks. In addition,
model robustness is assessed under vary-
ing environmental noise conditions using
Signal-to-Noise Ratio (SNR) levels of 6
dB, 0 dB, and —6 dB, enabling evaluation
of model stability in realistic industrial
environments affected by background
noise.
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RESULT AND DISCUSSION

Comparative Performance of Feature
Extraction Methods

Feature fusion consistently outper-
forms single-feature representations for
industrial anomaly detection using the
proposed 1D-CNN, as shown in Table 1.
The combination of MFCC and Log-Mel
Spectrogram achieves the best perfor-
mance (97.90% accuracy, MCC 0.9051,
ROC-AUC 0.9879), while MFCC per-

forms best among individual features
(97.10%). In contrast, Chroma STFT
shows the lowest performance (93.77%)
due to its focus on harmonic structures,
which are less relevant for noise-like in-
dustrial signals. These results confirm
that feature fusion improves detection
performance, particularly in noisy envi-
ronments. These results are competitive
with recent studies in industrial audio
anomaly detection.

Table 1. Comparative Performance of Feature Extraction Methods

Feature Method Accuracy (%) MCC ROC-AUC
MFCC 97.10 0.8711 0.9801
Log-Mel Spectrogram 95.65 0.8200 0.9746
Chroma STFT 93.77 0.7047 0.9372
MFCC + Log-Mel 97.90 0.9051 0.9879
MFCC + Chroma STFT 96.88 0.8584 0.9904
Log-Mel + Chroma STFT 95.14 0.8080 0.9902

Impact of Temporal Splitting Detec-
tion Performance

Temporal segmentation improves
anomaly detection performance by en-
hancing sensitivity to short-duration
acoustic irregularities. As shown in Fig-
ure 3, models using 5-second segments
consistently outperform those using 10-
second inputs, with the best accuracy of
97.90% achieved by MFCC and Log-Mel
feature fusion. This improvement occurs
because shorter segments preserve transi-
ent anomaly patterns that may be diluted
in longer audio windows.

Impact of Temporal Splitting on Detection Perfor
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Image 3. Impact of Temporal Splitting on
Detection Performance
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Robustness Analysis under Different
Noise Conditions

Industrial environments often con-
tain background noise that affects anoma-
ly detection performance. As shown in
Figure 4, the proposed 1D-CNN main-
tains high accuracy across SNR levels of
6 dB, 0 dB, and —6 dB, with MFCC and
Log-Mel fusion achieving the best re-
sults. Although performance decreases at
—6 dB, accuracy remains above 90%, in-
dicating strong robustness. These find-
ings show that feature fusion improves
stability and enables effective anomaly
detection in real-world industrial envi-
ronments.

Model Robusiess under 1ifTerent Noise Conditions

Aceuracy (%)

Image 4. Robustness Under Different
Signal-to-Noise Ratio Conditions
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CONCLUSION

This research investigates multiple
audio feature extraction techniques for
industrial anomaly detection using the
MIMII dataset. The proposed 1D-CNN
with feature fusion and temporal segmen-
tation significantly improves perfor-
mance, with MFCC and Log-Mel Spec-
trogram achieving the best results
(97.90% accuracy, ROC-AUC 0.9879).
The model also maintains accuracy above
90% under noisy conditions (—6 dB),
demonstrating strong robustness. Overall,
the proposed framework provides an ef-
fective solution for predictive mainte-
nance and real-world machine monitor-

ing.
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