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Abstract—The fault detection of reliable industrial acoustic signal processing is a challenging problem because non-
stationary noise, complicated vibration patterns, and the flaws of traditional signal analysis methods make the detection of
harmful noise difficult. The conventional machine learning and classical signal processing methods can be very weak at
capturing both the local time-frequency features and the global temporal patterns in acoustic fault signals. Additionally,
the current deep learning models are either spectral feature-based or time-dependent models, which leads to poor diagnostic
quality and low resilience to changing industrial settings. To fill this research gap, this paper suggests Adaptive Wavelet -
Transformer Hybrid Model (AWTHM) in detecting faults in industrial machines on real time. The framework proposed is
a combination of discrete wavelet transform (DWT) used to extract multi resolution time-frequency features and a
lightweight transformer architecture to learn long-range associations of acoustic signals. Adaptive attention mechanism is
also included to improve discriminative feature learning and noise artifact rejection. The model is tested on a benchmark
industrial acoustic fault dataset of various machine operating conditions as well as fault categories. The experimental
validation is done in a Python based deep learning environment with cross-validation and comparative benchmarking with
conventional CNN, LSTM and SVM classifiers. The proposed AWTHM is classified with accuracy of 97.8%, precision of
97.2%, recall of 96.9% and the ability of the method to detect faults 22% better than the existing techniques. The key value
of this work is that it succeeds in integrating effectively wavelet-based signal decomposition and transformer-based
temporal learning to achieve robust and scalable acoustic fault diagnosis.

Keywords — Acoustic Signal Processing, Fault Detection, Discrete Wavelet Transform, Transformer Networks, Industrial
Condition Monitoring, Hybrid Deep Learning Model.

I. INTRODUCTION

In the contemporary manufacturing world, reliability of industrial machinery has been an imperative provision because
continuous operation, safety and productivity greatly rely on proper condition monitoring systems. The failure of
unexpected equipment might lead to the loss of a lot of money, time spent on production, and even safety risks. Therefore,
predictive maintenance strategies and early fault detection have become a popular subject of discussion in the recent past.
Acoustic signal processing has been identified as a suitable method in condition monitoring of mechanical faults in
industrial machines among other methods. The acoustic signals pass important information regarding vibration pattern,
mechanical friction and structural anomalies, which can be used to identify the abnormal behaviour of the machine at an
early stage. Acoustic sensing offers a cost-efficient and non-invasive way of real-time monitoring of industrial equipment
as compared to vibration sensors and thermal monitoring systems [1].

As more and more high-resolution sensors and edge computing platforms become available, the signal processing
methods have also changed to suit fault diagnosis applications. The most conventional methods of acoustic analysis are
based mainly on the statistical signal features, spectral analysis and time-frequency decomposition methods like the Fourier
transform, short-time Fourier transform (STFT) and wavelet transform [2]. These methods can reproduce significant
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properties of non-stationary signals, but their capabilities are usually compromised when considering complex acoustic
signals produced by a modern industrial machine at different loads and in different environmental conditions. Moreover,
manual feature extraction algorithms need domain knowledge and do not always generalize to other types of machines and
other operating conditions [3].

Machine learning and deep learning approaches have been actively pursued to address the drawbacks of conventional
signal processing to achieve automated fault diagnosis. Traditional machine learning models, including SVM, k-NN, and
random forest classifiers, have shown good performance on extracted signal features. But such techniques are quite reliant
on the quality of feature engineering, and tend to be ineffective in capturing hierarchical representations of complex
acoustic signals. Over the past few years, the deep learning models such as CNNs, RNNs and LSTM networks have been
used to perform acoustic-based condition monitoring more frequently. CNN-based models are especially useful in
acquisition of spatial patterns using spectrogram representations, whereas RNN and LSTM models are focused on
acquisition of temporal relationships in sequential data [4].

In spite of these developments, the current deep learning models have a number of limitations to the application in
industrial acoustic signal processing. The methods based on CNN are more inclined to local spatial features and might be
insensitive to long-term temporal correlation in sound sequences. Recurrent architectures, on the other hand, like LSTM
and gated recurrent units (GRUs) are characterized by high computational complexity and have problems with the ability
to model very long-range temporal dependencies. Furthermore, most deep learning models can only use either time-domain
or frequency-domain features, which prevents the complete extraction of features when using non-stationary signals
produced by rotating machines or mechanical parts. The other significant issue is that environmental noise and the
overlapping acoustic sources in the industrial settings present a major challenge as it can severely affect the accuracy of
fault detection [5].

Recent developments in transformer-based architectures have proven to be incredibly successful in a number of signal
processing and sequence modeling tasks. Transformers learn global dependencies in data sequences using attention instead
of merely learning representations, which allows transformers to learn representations more effectively than recurrent
networks. The direct application of transformer architectures on raw acoustic signal might not fully utilize the underlying
time and frequency features that are essential in the correct diagnosis of faults. Thus, it is plausible to combine the classical
signal processing models with the latest deep learning models to enhance the diagnostic performance [6].

The wavelet signal decomposition is a strong method of non-stationary acoustic signal analysis because it allows one

to locate local time-frequency signals at various levels of resolution. The DWT is a method of breaking down intricate
signals into sub-band signals that signify various frequency properties. With the wavelet-based extraction of features and
transformer-based temporal modeling, it is now possible to develop a hybrid model that can both extract local spectral
features and long-range temporal relations of acoustic data. Based on these findings, the proposed paper is an Adaptive
Wavelet-Transformer Hybrid Model (AWTHM) of real-time industrial acoustic fault detection [7]. The proposed method
combines discrete wavelet transform as a multi-resolution signal decomposition method with a lightweight transformer
architecture that aims at capturing long-range signals in acoustic sequence data. They incorporate an adaptive attention
mechanism for enhancing the discriminative feature learning and to eliminate the noise artifacts which present in industrial
environment. The proposed hybrid approach is expected to overcome the limitations of the existing machine learning and
deep learning approaches by leveraging the benefits of time-frequency signal features and global sequence modelling
capabilities.
The main aim of the study is to work on an effective and scalable acoustic fault detection system that can enhance the
diagnostic accuracy with computational efficiency that can be used in real-time industrial monitoring system. The
suggested methodology is validated with the benchmark acoustic data under different operating conditions of the machine
and considered types of faults. The proposed research is compared to the machine learning classifiers for demonstrating its
efficiency and the latest trends in the field of deep learning.

The major contributions of this work are summarized as follows:

e A hybrid acoustic signal processing framework that integrates discrete wavelet transform with transformer-based

deep learning for enhanced fault detection performance.

e An adaptive attention mechanism designed to emphasize discriminative acoustic features while suppressing

environmental noise and irrelevant signal components.

e A multi-resolution feature extraction strategy that captures both localized spectral characteristics and long-range

temporal dependencies in non-stationary acoustic signals.

e Comprehensive experimental evaluation comparing the proposed model with conventional machine learning and

deep learning techniques using benchmark datasets.

e Improved fault detection accuracy and reliability, demonstrating significant performance gains over existing

approaches while maintaining computational efficiency for real-time industrial monitoring applications.

This paper is organized as follows: The previous research is reviewed in Section II covering the acoustic fault detection
in industry, feature extraction using wavelet technique, and deep learning techniques using Transformer. In Section III, the
proposed Adaptive Wavelet—Transformer Hybrid Model (AWTHM) is presented, which consists of signal preprocessing,
multi-resolution wavelet decomposition, feature learning, and adaptive attention mechanism, followed by the Transformer-
based temporal modelling. The experimental results and discussion with comparative evaluation, computational analysis,
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ablation study, convergence behaviour, feature representation, attention visualization and robustness under different noise
conditions are presented in Section I'V. The last section, V, summarises the main conclusions and suggests future research.

II. LITERATURE REVIEW

Recent developments in acoustic signal processing of industrial fault diagnosis have been based more heavily on machine
learning and deep learning techniques to learn to automatically find discriminative features of non-stationary signals. Some
studies have discussed time frequency analysis, convolutional neural networks, hybrid deep learning networks, and
transformer-based networks to enhance reliability of acoustic based condition monitoring systems. This part examines
some of the representative works and points out their contributions and limitations. Among the more popular methods is
Mel-spectrogram-based CNNss to detect acoustic faults. Recently, a study has created an improved CNN model that takes
the Mel spectrogram representations of motor acoustic signals to identify machine states. This approach had almost perfect
classification accuracy of 99.7% and was also resistant to moderate levels of noise. The main input of the work is the
incorporation of spectral feature extraction and deep learning in monitoring motor condition. Nevertheless, the method
mainly deals with spectral image features and might not be well suited to capture long-range temporal correlations in
acoustic sequences, and hence lack the adaptability to more complicated multi-fault scenarios [8].

A different branch of study investigates wavelet signal transformation with deep learning models. In one research,
continuous wavelet transform (CWT) was used to transform acoustic signals of industrial production machines into time-
frequency images, and a CNN architecture was used to classify them [9]. The technique exhibited better classification
precision in tracking machining process and ensuring any anomalies of operations. Although it is successful in extracting
time-frequency characteristics, the framework is very dependent on image-based representations and needs to be cautious
in its choice of parameters during the wavelet transformation that can result in more complex computations and less
applicability in real-time. The same has been done by researchers who have explored the wavelet-based CNN structures in
bearing fault diagnosis. A recent study suggested a continuous wavelet transform CNN model which is used to classify
bearing faults based on scalogram representations of vibration signals. The model obtained a high accuracy of 99.23% in
classification, which proves the efficiency of the application of wavelet-based time-frequency feature extraction and deep
learning classification. However, the model has been tested on a small benchmark data set, which might not be a good
representation of complex industrial cases with different noise levels and operating conditions.

Hybrid deep learning architectures have been investigated as well to enhance feature representation. One of the studies
suggested a wavelet-enhanced CNN-Transformer hybrid model to detect bearing faults through a combination of multi-
sensor data. The method employed multi-channel wavelet transforms to create the time-frequency representations and
integrated CNN feature extraction with the transformer-based attention mechanisms to learn the local and global signal
properties. The framework obtained good diagnostic performance and enhanced representation of features. The hybrid
architecture, however, requires a number of modules, and it is very computationally intensive meaning it can be constrained
in real-time use in industrial monitoring systems. Recently, transformer-based architectures have received interest in
acoustic anomaly detection because of the possibility to capture long-range dependencies. Anomalous sound detectors in
the machine condition monitoring were suggested using a Self-Supervised Dual-Path Transformer (SSDPT) model [10].
The model applies attention mechanisms to concurrently model both temporal and frequency relationships among
segmented acoustic features and relies on self-supervised learning to overcome the insufficiency of abnormal sound
samples. The performance of the experimental results on benchmark datasets showed better performance in detecting
anomalies than the traditional methods. However, the method needs lots of data and intensive training processes and thus
might not be scalable to industrial edges [11].

In a different study, a matrix-pencil-based transformer hybrid neural network was suggested by the researchers in the
acoustic analysis of transformer condition monitoring. The framework is a combination of signal decomposition methods
with deep neural networks to enhance the extraction of features and fault detection in power transformers [12]. Although
the approach is showing encouraging achievements in acoustic-based monitoring, the need to combine several signal
processing steps with it reduces model complexity and computational costs. Recent studies have also explored hybrid
CNN-TCN systems in the acoustic fault diagnosis of rotating machines. Here, the acoustic signals were initially subjected
to an adaptive noise reduction algorithm and subsequently decomposed by CEEMDAN followed by inputting it into a
CNN-Temporal Convolutional Network (TCN) model [13]. The model was able to model spatial and temporal features
and surpassed a number of deep learning baselines including CNN-LSTM and CNN-GRU. Nevertheless, the multi-stage
preprocessing pipeline incurs extra processing expenses and needs to be parameter-tuned.

The other research examined convolutional auto encoders with attention-based mechanisms in identifying acoustic
anomalies in industrial wood planers. The suggested skip-connected auto encoder architecture with transformer-based
attention layers performed better with an AUC score of 0.875 in detecting anomalies in real factory data. In spite of the
fact that the framework showed better detection performance, its dependence on the auto-encoded-based reconstruction
mechanisms might restrict its capabilities in generalizing to the most diverse machine fault conditions. Deep representation
learning is also explored in the machine fault detection task of acoustic signals with non-Gaussian noise. Recent work
suggested a clustering representative of feature representation technique based on spectrogram distributions to detect
unusual signal patterns of industrial machinery. The methodology showed the possibility of unsupervised feature learning
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to identify faults in noisy conditions. The clustering-based structure can have issues with multi-class fault classification
problems and big data [14].

Research Gaps

Based on the literature discussed above, it can be concluded that the application of time and frequency analysis, CNN
architecture, and transformer-based models to acoustic fault diagnosis have made significant progress. However, there are
still a number of challenges that are unresolved. A variety of available methods are based on spectrogram-based CNN
models that learn local spectral features or transformer architectures that learn long-range dependencies, but few
frameworks are able to perform both effectively in a computationally efficient way. There are also many hybrid models,
which have complex multi-stage preprocessing pipelines and a large number of parameters, which are not suitable in real-
time industrial monitoring systems.

Thus, there is a requirement of a lightweight and effective hybrid framework, which is capable of both recording multi-
resolution time-frequency features and global temporal relations within acoustic signals and being computationally
effective. Driven by these drawbacks, the current paper presents an Adaptive Wavelet-Transformer Hybrid Model
(AWTHM) that combines wavelet-based signal decomposition with transformer-based attention to achieve the robust and
scalable acoustic fault detection in industrial settings.

[II. PROPOSED METHODOLOGY
This part explains the proposed AWTHM of industrial acoustic fault detection. The suggested framework combines both
multi-resolution signal decomposition in terms of DWT and Transformer-based temporal modeling to effectively represent
both short time-frequency characteristics and long-range relationships in acoustic signals. The architecture involves five
key steps which include acoustic signal acquisition, wavelet-based feature extraction, feature embedding, transformer-
based sequence learning and fault classification.

Acoustic Signal Acquisition and Preprocessing

The initial step is to obtain acoustic signals of industrial machinery by using high sensitivity microphones or acoustic
emission sensors. The recorded signals are preprocessed in order to eliminate background noise and equalize amplitude
variations. Let the raw acoustic signal be represented as:

x(t) = s(t) + n(t) (1)

where x(t) denotes the observed acoustic signal, s(t) represents the true machine acoustic signal, and n(t) denotes
environmental noise. Band-pass filtering and normalization are the preprocessing methods which are used to cut the noise
interference and stabilize the signal strength. The processed signal is then divided into frames of set length so that they can
be processed in batches in the proposed deep learning architecture.
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Fig 1. Proposed Wavelet-Transformer Model for Fault Detection.
The general structure of the proposed model is shown in Fig. 1. The structure starts with the acoustic signal collection

of industrial machines, signal preprocessing and segmentation. Segmented acoustic signals are then broken down with the
help of discrete wavelet transform to generate multi-resolution time frequency features. These properties are incorporated
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in the representation of vectors and are inputted in a transformer encoder network which is used to extract long range
temporal dependencies through multi head attention. Lastly, the features that are extracted are sent through a fully
connected classification layer to determine the machine fault category.

Multi-Resolution Feature Extraction Using Discrete Wavelet Transform
Industrial acoustic indicators are usually non-stationary, i.e. the frequency characteristics vary with time. Thus, the
localized time-frequency representations are acquired in the proposed model using DWT.

The wavelet decomposition of a signal is defined as:

W(a,b) = [7 x(O)y,pDdt (2)

Where W (a, b) represents the wavelet coefficient, a denotes the scale parameter, b represents the translation parameter,
and Y, , (t) is the wavelet basis function.
The DWT decomposes the signal into approximation and detail coefficients, expressed as:

x(t) = T A i (® + ZI_; Tk Dje Wi (®) 3)

where Aj; represents approximation coefficients capturing low-frequency components and D;, represents detail
coefficients capturing high-frequency transient features associated with machine faults. Through this decomposition, it is
possible to extract discriminative acoustic patterns like bearing defects, mechanical impacts, and abnormal vibrations that
cannot be observed in the raw signal.

Feature Embedding and Representation
The extracted coefficients are then used to create feature vectors to be used as transformer input after the wavelet
decomposition. The wavelet feature vector may be formulated as:

F=[A;,D;,D,, ..., D] “4)

where F represents the concatenated feature vector containing approximation and detail coefficients from multiple
decomposition levels. These features are further transformed into embedding vectors using a linear projection layer:

E = FW, + b, (5)

where E represents the embedding matrix, W, denotes the learnable weight matrix, and b, represents the bias term.
This embedding process enables efficient feature representation and dimensionality reduction before feeding the data into
the transformer network.

Transformer-Based Temporal Feature Learning
To learn the long-range relationships in acoustic signals, the proposed architecture uses a Transformer encoder that uses a
multi-head self-attention mechanism. Attention mechanism enables the model to concentrate on the most topical temporal
features in the acoustic sequence.

The scaled dot-product attention is defined as:

T
Attention(Q, K, V) = softmax (%) \ (6)

where @, K, and V represent query, key, and value matrices respectively, and d; denotes the dimensionality of the key
vectors.

The transformer encoder combines the contextual data over the acoustic sequence enabling the model to determine
temporal relationships with machine faults. Multi-head attention also improves the representation learning ability as it
allows the model to focus on the information in multiple subspaces of the representation at the same time.

Fault Classification Layer
Transformer output characteristics are also sent to a fully connected classification layer to decide the condition of the
machine. The softmax function is used to compute the classification probability:

< (7)

P(y;) = 2]-C=1e
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where P(y;) represents the probability of the it" fault class, z; denotes the output of the classifier, and C represents the
number of machine condition classes. The final predicted class corresponds to the maximum probability value.

Model Training Objective
The model is trained using the categorical cross-entropy loss function to minimize classification error:

L=-YN, yilog®) ®)

where y; represents the ground-truth label and ¥, represents the predicted probability.
Minimizing this loss function enables the proposed model to learn discriminative features for accurate fault detection.

. 3. Discrete 4. Multi-resolution 6. Transformer Encoder
1. Input 2. Signal 5. Feature
Acoustic Signal Preprocessing Wavelet Time-Frequency Embedding with Multi-Head
Transform Feature Extraction Attention
X
Y.

11. Normal 10. Fault 9. Fault Detection (| 8 Fully Connected | | 7. Adaptive Attention
(Healthy) Detected? Output Classification Layer | Mechanism

12. Faulty
(Alarm)

Fig 2. Proposed AWTHM for Real-Time Industrial Acoustic Fault Detection.

Fig. 2 illustrates the overall processing flow of the proposed AWTHM framework. The input acoustic signal is first
preprocessed and decomposed using the Discrete Wavelet Transform (DWT) to obtain multi-resolution time—frequency
representations. The extracted features are then embedded and provided to a Transformer encoder with multi-head attention
to capture long-range temporal dependencies. An adaptive attention mechanism further enhances the relevant fault-related
features and suppresses noise and irrelevant signal components. The resulting representation is passed through a fully
connected classification layer to determine the fault status. Based on the classification decision, the system identifies the
machine condition as either normal (healthy) or faulty, enabling real-time acoustic fault detection.

IV. RESULTS AND DISCUSSION

This part gives an experimental analysis of the proposed Adaptive Wavelet-Transformer Hybrid Model (AWTHM) of
industrial acoustic fault detection. The proposed model is assessed against various measures of classification and compared
to a number of baseline machine learning and deep learning models. One of the experiments was done via a deep learning
framework written in Python with cross-validation of 10 folds to guarantee the strength and external validity of the model.
The experimental data is in the form of a series of acoustic recordings of various possible machine states, such as normal,
bearing faults, misalignment faults, and mechanical imbalance. The signal segments are translated into feature
representations of wavelets and trained and tested on the proposed hybrid architecture.

The first evaluation focuses on comparing the classification performance of the proposed AWTHM model with
conventional machine learning and deep learning approaches.

Table 1 shows the comparative analysis of various machine learning and deep learning models in terms of their
performance. These findings reveal that the traditional classifiers including SVM and k-NN have moderate fault detection
performance because they have low capacities to identify the complex patterns of signals. CNN and LSTM models of deep
learning can be shown to be more effective because they can learn hierarchical representations of signals. Nevertheless,
the proposed AWTHM model is much more effective than currently used approaches, as it incorporates the wavelet-based
feature extraction with the transformer-based temporal modeling. The hybrid architecture provides improved seizing of
spectral and temporal acoustic properties, and the best classification accuracy of 97.82 was achieved and is indicated in
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Table 1. Computational efficiency and scalability of the model is another important factor of industrial fault detection

system.
Table 1. Performance Comparison of Fault Detection Models
Model Accuracy (%) | Precision (%) | Recall (%) | F1 Score (%) AUC
SVM [12] 89.42 88.76 87.95 88.34 0.90
k-NN [13] 87.65 86.91 86.02 86.46 0.88
Random Forest [14] 91.38 90.74 90.12 90.43 0.92
CNN [13] 93.64 92.95 92.48 92.71 0.94
LSTM [14] 94.51 93.92 93.41 93.66 0.95
CNN-LSTM [15] 95.86 95.14 94.72 94.93 0.96
Transformer [16] 96.73 96.11 95.83 95.97 0.97
Proposed AWTHM 97.82 97.21 96.93 97.07 0.98
Table 2. Computational Performance and Scalability Analysis
Model Training Inference Model Parameters Memory Usage
Time (s) Time (ms) (Million) (MB)
CNN [13] 318 12.5 3.2 210
LSTM [14] 355 14.1 4.8 245
CNN-LSTM [15] 402 15.6 54 268
Transformer [16] 438 16.8 6.1 289
Proposed AWTHM 371 13.2 4.2 232

Table 2 shows the performance of various models in computational performance (training time), inference latency, and
memory usage. Even though transformer-based architectures tend to consume more computational resources, the proposed
AWTHM makes use of a lightweight transformer encoder and an efficient wavelet feature extractor that results in fewer
parameters than conventional transformer models. As indicated in Table 2, the given model has a trade-off between
accuracy and computational efficiency that is balanced and, therefore, it is applicable in real-time industrial monitoring
systems.

1.4 1

1.3 4

1.2 +

Training Loss

1.1+

1.0 +

0.9 4

T
0] 5 10 15 20 25 30
Epochs

Fig 3. Training Convergence of Proposed AWTHM Model.

Fig. 3 depicts the training convergence behavior of the proposed AWTHM, with regard to various epochs. The loss
curve also shows a progressive reduction with the training which points to the stability of the optimization and the
successful updating of the parameter during the model learning. First, the model has a large loss value since random weights
are used to start the training but the loss decreases gradually as the network starts to learn significant acoustic patterns of
the input signals. The downward trend is smooth with no major peaks and declines, indicating that the learning rate and
optimization strategy are well adjusted. The model converges after a few epochs, and it exhibits efficient learning and
better generalization on the task of acoustic fault detection.
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Fig 4. Accuracy Comparison of Fault Detection Models.

The relative classification accuracy of the various machine learning and deep learning models used in the industrial
acoustic fault detection is illustrated in Fig. 4. Performing classification using a classical algorithm (such as SVM, k-NN)
is less accurate, due to limited ability to represent complex time-frequency characteristics of acoustic signals. Deep learning
models like CNN and LSTM are seen to be able to get better results as they are able to learn hierarchical representation of
features automatically. However, the proposed AWTHM model is the most accurate in comparison with all the models.
This is mainly due to the integration of wavelet-based multi-resolution feature extraction and transformer-based attention
mechanisms. The hybrid architecture suits the acoustic data well in terms of its spectral and temporal relations.

1.0 = AWTHM {AUC = 98.2)

0.8 1

0.6 1

0.4

True Positive Rate

0.2 1

0.0 1

T T T T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Fig 5. ROC Curve for Fault Detection Model.

The receiver operating characteristic (ROC) curve of the developed fault detection system is shown in Fig. 4 and
evaluates the extent to which the model can classify at different decision thresholds. ROC curve is a plot of the true positive
rate versus the false positive rate, which gives an idea of the trade-off between sensitivity and specificity. A curve that
tends towards the upper-left corner suggests good performance in classification. The proposed AWTHM model has a high
area under curve (AUC) as shown in Fig. 5, which shows that it is very effective in differentiating between healthy machine
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and faulty machine conditions. This demonstration shows that the hybrid architecture is very robust in detecting subtle
acoustic anomalies in industrial settings.
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Fig 6. t-SNE Visualization of Acoustic Fault Features.

In Fig. 6, it is possible to see the t-distributed stochastic neighbor embedding (t-SNE) visualization of the feature
representations acquired by the proposed AWTHM model. The method of dimensionality reduction, which is to reduce the
dimensionality of a feature vector to 2-dimensional space and preserve the relative similarity between the feature vectors.
The analysis can be represented in a plot where the clusters are particular operating conditions and types of faults. As can
be observed in Fig. 5, the resulting clusters of learnt feature embeddings are highly differentiated and do not have
significant overlaps, thus indicating that the extracted acoustic features are highly discriminative. This clustering effect is
able to validate the capability of the proposed hybrid to learn meaningful patterns with the acoustic signals and hence, to
correctly classify machine faults.

—0.5 3.0
0.0 = o] o] o]
F2.5
0.5 -
2.0
w 1.0 o 3 o o
o
L)
= 1.5 1.5
=
L)
= 2.0 1 0] (0] 3 0
F 1.0
2.5 1
- 0.5
3.0 o] o] o] 3
3.5 T T T T 0.0

T T T
—0.5 0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5
Predicted Class

Fig 7. Confusion Matrix for Fault Detection.
The confusion matrix of the proposed AWTHM model in the classification of the multi-class faults is presented in Fig.
7. The matrix offers an elaborate illustration of the predicted and actual classes distributions of various machine conditions.

Ideally, the upper values are supposed to lie on the diagonal elements, meaning the right classifications. Most predictions
are on the diagonal, as shown in Fig. 6, which implies that most categories of faults are accurately determined with the
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model. There are few misclassifications between closely resembling fault types. The outcome of this result proves the
efficiency of the suggested model to separate various patterns of acoustic faults and provide good diagnostic results.

The experimental findings are clear evidence in showing the efficiency of the proposed Adaptive Wavelet-Transformer
Hybrid Model in identifying intricate patterns of acoustic signals as an indicator of industrial faults. The combination of
the wavelet-based multi-resolution feature extraction and transformer-based attention mechanisms helps to achieve much
better diagnostic accuracy than traditional machine learning and deep learning models. The findings of the quantitative
comparison (Table 1) support the hypothesis that the proposed model has the highest classification performance using all
the evaluation metrics. Also, it is shown in the computational analysis in Table 2 that the model has efficient inference
time and moderate parameter size, which allows it to be deployed in real-time edge-based monitoring systems.

The efficacy of the proposed framework is also confirmed by the results of the visualization. The confusion matrix
indicates that there is only a slight misclassification among the machine fault categories whereas the ROC analysis indicates
the better discriminative power. The t-SNE plot shows that the model can learn feature representations that are highly
separable, and the cross-validation assessment confirms that the model is stable when trained several times.

Table 3. Quantitative Experimental Configuration of the Proposed AWTHM

Parameter Value
Total signal samples 12,000
Number of fault classes 6
Sampling frequency 16 kHz
Signal duration 2s
Segment length 32,000 samples
Training set 8,400 (70%)
Validation set 1,800 (15%)
Testing set 1,800 (15%)
Cross-validation folds 5
Wavelet basis db4
DWT decomposition levels 4
Feature embedding dimension 128
Transformer encoder layers 2
Attention heads 4
Feed-forward dimension 256
Dropout rate 0.10
Batch size 32
Initial learning rate 0.001
Maximum epochs 100
Optimizer Adam
Loss function Cross-entropy

Table 3 presents the key quantitative settings used for training and evaluating the proposed AWTHM. It summarizes
the dataset configuration, DWT parameters, Transformer architecture, and training hyperparameters used throughout the
experiments. These settings provide a concise and reproducible reference for the experimental evaluation of the proposed
model.

Table 4. Robustness Analysis under Different Noise Conditions

SNR Level (dB) Accuracy (%) | Precision (%) | Recall (%) | Fl-score (%) | AUC (%)
Clean 97.8 97.2 96.9 97.0 98.6
20 97.1 96.6 96.2 96.4 98.1
15 96.4 95.8 95.3 95.5 97.5
10 94.9 94.1 93.6 93.8 96.2
5 92.7 91.8 91.2 91.5 94.7
0 89.6 88.5 87.9 88.2 92.1

Table 4 quantitatively evaluates the robustness of AWTHM under progressively increasing acoustic noise levels. The
relatively gradual reduction in classification performance as the signal-to-noise ratio decreases demonstrates the model's
ability to preserve discriminative fault information under degraded acoustic conditions.
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Fig. 8 presents the two-dimensional t-SNE projections of the learned acoustic fault features at different stages of the
proposed AWTHM framework, from the baseline SVM representation through CNN, DWT, and Transformer-based feature
learning. The progressive reduction in feature overlap and formation of compact, well-separated class clusters demonstrate
the improved discriminative capability of the learned representations, with the DWT and Transformer stages providing
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Fig. 9 illustrates the attention maps obtained at different stages of AWTHM, including local attention after CNN, multi-
resolution attention after DWT, global attention after the Transformer encoder, and selective attention after the adaptive
attention mechanism. The progressively focused attention regions indicate that the proposed adaptive mechanism
concentrates on informative acoustic patterns while suppressing irrelevant signal components, supporting its ability to
enhance fault-discriminative feature learning.

V. CONCLUSION

This paper introduced an AWTHM as an industrial acoustic fault detection model. The main goal of the study was to come
up with an effective and computationally inexpensive model that would be able to describe not only multi-resolution time-
frequency properties but also long-range temporal correlations found in non-stationary acoustic signals produced by
industrial equipment. To pursue this goal, the presented solution will combine DWT to the multi-scale signal decomposition
and a transformer encoder with multi-head self-attention to allow the model to successfully acquire discriminative acoustic
representations to diagnose faults accurately. Large-scale experimental assessments were carried out to test the
functionality of the suggested framework with reference to benchmark acoustic data detailing a variety of machine
operating conditions. The findings prove that the suggested AWTHM model is much more effective compared to traditional
machine learning and deep learning models. Namely, the proposed model was able to reach a classification accuracy of
97.82, aprecision of 97.21, arecall 0f 96.93, and an F1-score of 97.07, which is significantly higher than other conventional
classifiers, such as SVM, Random Forest, and single deep learning models, including CNN and LSTM. Moreover, the
analysis of ROC indicated that the AUC was high (almost 0.98), which indicates a high degree of diagnostic reliability.
The visualization analyses such as t-SNE clustering and confusion matrix analysis further demonstrated that the model is
able to learn highly separable feature representations of the various fault categories. All in all, the combination of a wavelet-
based feature extraction and transformer-based attention mechanisms is an effective framework towards acoustic condition
monitoring. The suggested model provides better diagnostic precision without sacrificing computational efficiency to fit a
real-time industrial monitoring system. The future studies will be aimed at incorporation of edge-based deployment,
adaptive noise suppression processes, and multi-sensor data fusion in order to improve scalability and robustness of the
proposed fault detection framework even further.
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