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Modelling the predictive reliability  

of rotating machines using Artificial Intelligence 

Abstract 

In the context of Industry 5.0, predictive maintenance of rotating machinery is essential for improving 

operational efficiency, enhancing forecast reliability, and minimising unplanned downtime. This study 

presents an innovative approach that uses the Audio Spectrogram Transformer (AST) to predict the 

remaining useful life (RUL) of rotating machinery, leveraging a vibration signal dataset from a three-phase 

electric motor in the electrical engineering workshop at the IUT of Douala, called Vibration DATA IUT. 

By transforming vibration signals into time-series spectrograms, the AST model enables the detection of 

complex temporal patterns indicative of wear and degradation. Our methodology demonstrates superior 

predictive capabilities, achieving 98.9% accuracy and an impressive root mean square error (RMSE) of 

1.2 hours in RUL estimation. These results highlight the effectiveness of integrating deep learning 

techniques with time-frequency domain analysis, offering an innovative framework for reliable failure 

prediction. These advances not only advance the state of the art in vibration analysis but also contribute 

significantly to predictive maintenance strategies in industrial applications, paving the way for increased 

safety and productivity. 

1. INTRODUCTION 

The increasing complexity of industrial systems and the imperative of uninterrupted production have made 

predictive maintenance a fundamental strategy for ensuring the reliability, safety, and availability of industrial 

assets, particularly rotating machinery. In the context of Industry 4.0 and the emerging paradigm of Industry 

5.0, industrial operators seek to maximise equipment performance while minimising maintenance costs and 

unplanned downtime (Priya et al., 2026; Hassan et al., 2024). Within this framework, the prediction of 

Remaining Useful Life (RUL) has become one of the most important prognostic tasks because it enables 

maintenance interventions to be planned before failures occur, thereby improving operational efficiency and 

reducing economic losses (Achouch et al., 2022). 

Rotating machinery plays a crucial role in industrial production systems, and its degradation directly 

impacts productivity and system reliability. Vibration analysis is widely recognised as one of the most effective 

condition-monitoring techniques for assessing machine health and detecting degradation phenomena during 

operation (Burda et al., 2022). However, accurately estimating the remaining lifetime of equipment from 

vibration signals remains a challenging problem. Traditional vibration-analysis methods and prognostic 

approaches often rely on handcrafted features and expert knowledge, thereby limiting their ability to represent 

the complex, nonlinear degradation processes encountered in industrial environments (Zar et al., 2024). 

Moreover, rotating machinery frequently operates under varying loads and environmental conditions, leading 

to non-homogeneous data distributions and domain-shift problems that reduce the robustness and 

generalisation capability of conventional prognostic models (Garcia et al., 2025; Li et al., 2025). These 

limitations hinder the effective exploitation of real-time monitoring data for reliable RUL prediction and 

predictive maintenance decision-making. 

Recent advances in artificial intelligence and deep learning have opened new opportunities for addressing 

these challenges. Advanced signal-processing techniques, super-resolution methods, and optimisation 

algorithms have demonstrated promising potential to improve industrial diagnostics and prognostics (Xu et al.; 
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Chardon, 2025). Likewise, meta-learning and transfer-learning strategies have been proposed to enhance 

model adaptability when operating conditions vary significantly or labelled degradation data are limited (Tuo, 

2023). More recently, Transformer-based architectures have emerged as powerful tools for learning complex 

representations from sequential and time–frequency data due to their self-attention mechanisms (Li & Song, 

2023; Tami et al., 2024). In parallel, spectrogram-based representations have proven effective for transforming 

vibration signals into informative time–frequency maps that facilitate the extraction of degradation-related 

features (Kong et al., 2020; Gong et al., 2021). These developments provide a promising foundation for the 

design of advanced prognostic models dedicated to Remaining Useful Life prediction. 

Despite these advances, several important challenges remain insufficiently explored in vibration-based 

prognostics for rotating machinery. In particular, it is still necessary to determine whether Transformer-based 

architectures can effectively learn degradation patterns from vibration spectrograms to improve Remaining 

Useful Life prediction. Another open question concerns whether time–frequency representations can capture 

degradation information more effectively than conventional signal-processing approaches. Furthermore, the 

suitability of an adapted Audio Spectrogram Transformer for providing accurate and robust RUL estimates in 

predictive maintenance applications remains to be fully investigated. Based on these considerations, this study 

seeks to answer the following research questions: Can Transformer-based architectures effectively learn 

degradation patterns from vibration spectrograms to improve Remaining Useful Life prediction? Do time–

frequency representations capture degradation-related information more effectively than conventional signal-

processing approaches? Can an adapted Audio Spectrogram Transformer provide accurate and robust RUL 

estimates for predictive maintenance applications? 

To address these challenges, this study is guided by the hypothesis that vibration spectrograms contain 

degradation signatures that can be effectively exploited by a Transformer-based architecture for Remaining 

Useful Life prediction. Accordingly, the objectives of this work are to develop a prognostic framework based 

on spectrogram representations, evaluate its ability to learn degradation-related information from vibration 

data, and assess its effectiveness in accurately estimating RUL in rotating machinery. 

In this context, we propose a novel framework called NEW AST-VED (Audio Spectrogram Transformer 

for Vibration Event Detection), developed using vibration data collected in the Electrical Engineering 

Laboratory of the IUT and organised within the VIBRATION DATA IUT dataset. The proposed methodology 

transforms vibration signals into time–frequency spectrograms using the Short-Time Fourier Transform 

(STFT) and exploits an adapted Audio Spectrogram Transformer architecture to automatically learn 

degradation-related features and estimate the remaining useful life of rotating machinery. 

The principal contribution of this work is therefore the development of a high-performance prognostic 

model for RUL prediction. Experimental results obtained on the VIBRATION DATA IUT dataset demonstrate 

the effectiveness of the proposed framework, achieving a Root Mean Square Error (RMSE) of 1.2 hours, a 

Mean Absolute Error (MAE) of 0.8 hours, and a coefficient of determination (R²) of 98.9%. These results 

indicate that the proposed approach successfully captures degradation dynamics and provides highly reliable 

prognostic information for predictive maintenance applications in Industry 5.0 environments. 

To support the interpretation of the learned degradation representations, complementary fault-classification 

experiments were also conducted. The obtained accuracy of 98.9% and precision of 99.3% confirm the model's 

ability to distinguish among different degradation states and validate the relevance of the extracted features. 

However, these classification results serve only as supporting evidence of the quality of the learned 

representations, whereas the primary objective and main contribution of this study remain the accurate 

prediction of Remaining Useful Life (Tami et al., 2024). 

The article is structured as follows: Section 2 reviews related work on reliability modelling and diagnostic 

methods, highlighting the innovation of our approach. Section 3 details the methodology used for RUL 

prediction, emphasising data management and the specific features of our model. Section 4 presents the results 

and discusses their implications for industrial predictive maintenance. Finally, Section 5 summarises the 

conclusions and outlines future research prospects. 

2. RELATED WORK 

Fault diagnosis and prognostics of rotating machinery have attracted significant research attention due to 

their importance in predictive maintenance and industrial reliability. Existing studies can generally be 

categorised into three major groups: convolutional neural network (CNN)-based methods, recurrent neural 
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network (RNN)-based approaches, particularly Long Short-Term Memory (LSTM) networks, Transformer-

based architectures, and meta-learning approaches. 

CNN-based methods have been widely adopted because of their ability to automatically extract informative 

features from complex vibration signals and time–frequency representations. For example, Zhang et al. (2025) 

developed a fault prediction method based on a fuzzy neural network in an Internet of Things (IoT) 

environment, demonstrating the effectiveness of deep learning techniques for industrial monitoring 

applications. Similarly, CNN architectures have been extensively applied to Remaining Useful Life (RUL) 

prediction using raw vibration signals or spectrogram-based representations (Zhao et al., 2021). Despite their 

effectiveness in feature extraction, CNN-based approaches may encounter difficulties in modelling long-range 

dependencies in degradation and adapting to highly dynamic industrial environments. 

To overcome these limitations, recurrent neural network architectures have been extensively investigated 

for prognostic applications. In particular, Long Short-Term Memory (LSTM) networks have become a widely 

used baseline for RUL prediction due to their ability to capture temporal dependencies in degradation 

trajectories (Wu, Q et al., 2020; Huang et al, 2019; Wan et al., 2025). These models have demonstrated 

promising results in machinery health monitoring and prognostics. However, their performance may degrade 

when dealing with very long sequences or highly complex degradation patterns. 

Recent advances in Transformer architectures have opened new perspectives for predictive maintenance 

and machine prognostics. Owing to their self-attention mechanisms, Transformer models can effectively learn 

relationships within sequential and time–frequency data without relying on recurrent processing. Zhou et al. 

(2023) proposed an explainable predictive maintenance strategy for multi-fault diagnosis in rotating 

machinery, highlighting the ability of Transformer-based models to capture complex relationships among 

degradation patterns. Similarly, several studies have successfully applied Transformer architectures to 

industrial signal analysis and vibration-based monitoring (Li & Song, 2023; Yousuf et al., 2022; Lei et al., 

2025). These studies demonstrate the growing potential of self-attention mechanisms for extracting meaningful 

information from complex industrial data. 

A particularly relevant contribution is the study by Huang et al. 2019, titled "Condition Monitoring in 

Industry 4.0 Production Systems: The Idea of Computational Intelligence Methods Application." Their work 

investigates the application of computational intelligence techniques for condition monitoring, anomaly 

detection, and maintenance support in Industry 4.0 production systems. While their study primarily focuses on 

fault detection and machine condition assessment, it does not directly address Remaining Useful Life 

prediction. In contrast, the present work focuses on prognostics, estimating the future degradation trajectory 

of rotating machinery via RUL prediction. Furthermore, our approach combines vibration spectrogram 

generation with an adapted Audio Spectrogram Transformer architecture specifically designed for regression 

tasks rather than fault classification. 

In parallel, meta-learning approaches have emerged as promising solutions for improving the adaptability 

and generalisation capability of intelligent maintenance systems under varying operating conditions. Unlike 

conventional deep learning methods that require large amounts of labelled data for each new task, meta-

learning aims to acquire transferable knowledge from multiple learning tasks, enabling rapid adaptation to 

previously unseen fault conditions with limited training data. (Tuo et al., 2023; Tian, et al., 2022) demonstrated 

that combining meta-learning and transfer-learning strategies can significantly enhance fault diagnosis 

performance in heterogeneous industrial environments. More broadly, recent state-of-the-art studies have 

shown that meta-learning techniques are particularly effective for addressing data scarcity, domain shift, and 

cross-domain fault diagnosis, which are common challenges in industrial applications (Toukap et al., 2025; 

Gharoun et al., 2024). 

Several meta-learning frameworks, including few-shot learning and model-agnostic meta-learning 

approaches, have been successfully applied to machinery health monitoring, allowing models to generalise 

across different operating conditions and fault categories while reducing dependence on large labelled datasets 

(Vanschoren, 2019; Toukap et al., 2026). These approaches have shown promising results in fault detection, 

classification, and transfer diagnosis tasks by leveraging prior knowledge acquired from multiple degradation 

scenarios. 

Despite these advantages, most existing meta-learning studies focus primarily on fault diagnosis and 

condition assessment rather than Remaining Useful Life (RUL) prediction. Furthermore, relatively few works 

have investigated the integration of meta-learning concepts with Transformer-based architectures and 

spectrogram-based vibration representations. Consequently, the potential of combining advanced feature-

learning mechanisms with robust knowledge-transfer strategies for prognostic applications remains largely 
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unexplored. This limitation highlights an important research opportunity to develop more transferable and 

accurate RUL prediction frameworks that operate under diverse industrial conditions. 

Therefore, despite substantial progress in fault diagnosis, condition monitoring, and predictive 

maintenance, the development of robust Transformer-based frameworks dedicated to vibration-based RUL 

prediction remains an open research challenge. Motivated by this gap, the proposed NEW AST-VED 

framework combines vibration spectrogram analysis with an adapted Audio Spectrogram Transformer 

architecture to model the evolution of degradation and accurately estimate the Remaining Useful Life of 

rotating machinery. 

A relevant study closely related to our work is “Condition Monitoring in Industry 4.0 Production Systems 

the Idea of Computational Intelligence Methods Application” by Huang et al. 2019. Their work investigates 

the use of computational intelligence techniques for condition monitoring in Industry 4.0 environments, with 

a primary focus on fault detection, equipment condition assessment, and decision support for maintenance 

planning. The study highlights the potential of intelligent monitoring systems to identify abnormal operating 

conditions and improve maintenance efficiency. 

In contrast, the objective of our work is not limited to fault detection or condition classification. We address 

the more challenging task of Remaining Useful Life (RUL) prediction, which requires estimating the time 

remaining before a machine fails. To achieve this objective, vibration signals are first transformed into time–

frequency spectrograms using the Short-Time Fourier Transform (STFT), allowing the progressive 

degradation process to be represented visually and temporally. These spectrograms are then processed by the 

proposed NEW AST-VED architecture, which adapts the Audio Spectrogram Transformer (AST) to a 

regression framework specifically designed for RUL estimation. 

Another important distinction lies in the learning strategy. While the work of Malmsten and Rantala focuses 

on computational intelligence methods for monitoring and fault identification, our approach leverages a 

transformer-based architecture trained directly on spectrogram representations associated with simulated RUL 

trajectories. Furthermore, the output layer of the AST model is modified from a classification-oriented 

structure to a dedicated regression layer, enabling continuous prediction of RUL values rather than discrete 

fault categories. 

Therefore, although both studies contribute to intelligent condition monitoring within Industry 4.0 systems, 

the proposed NEW AST-VED framework extends beyond fault detection by integrating time–frequency signal 

transformation, transformer-based feature learning, and dedicated RUL regression capabilities for predictive 

maintenance applications. 

3. EXPERIMENTAL DESIGN, MATERIALS AND METHODS 

This section details the resources and techniques used to develop our model for predicting remaining useful 

life (RUL). Unlike fault classification approaches, our goal now is to predict a continuous value that represents 

the time remaining before a rotating machine reaches a critical failure state. We use a “transformer”-type 

model, NEW AST-VED, adapted for this regression task, based on the analysis of spectrograms derived from 

vibration data (VIBRATION DATA IUT). Figure 1 illustrates the general workflow of our predictive 

approach. 

 

Fig. 1. Workflow of the proposed NEW AST-VED model for RUL prediction 

3.1. Description of the dataset and definition of the rule 

Predicting remaining useful life (RUL) requires datasets that track machines' degradation trajectories until 

failure. Although the dataset is rich in fault classification, it is not inherently designed for RUL prediction, as 

it does not provide complete operational trajectories leading to failure and corresponding RUL values. For this 
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predictive study, we adopted an alternative approach to generate synthetic RUL data from the VIBRATION 

DATA IUT dataset. 

The VIBRATION DATA IUT dataset contains 200,000 multivariate data points per class collected by 

sensors, covering five failure types (Normal operation, Ball defect, Ring defect, Bearing failure, Shaft defect) 

and a normal operating state. For each failure type, several severity levels are implicitly represented across the 

various “measurements” (Table 1). 

Tab.1. Specifications Table 

Specifications Details 

Data source 
Three-phase electric motor in the electrical engineering workshop at 

the University Institute of Technology 

Sensor type Piezoelectric sensor mounted on the motor shaft 

Total number of data points 1 600 000 raw data points 

Sampling frequency 5000 Hz 

Defect classes studied 

1. Normal operation 

2. Ball defect 

3. Ring defect 

4. Bearing failure 

5. Shaft defect 

Levels of severity Speed 1, Speed 2 (except for normal operation) 

Points per class 200 000 points per class 

Calculation of total data 5 faults × 2 levels × 200000 + 1 regular class” = 1.6 million lines 

Data acquisition Use of piezoelectric sensors to collect vibration signals 

Pretreatment White noise, filtering, cleaning, windowing 

Data windows Fixed size N with or without overlap for each data segment 

Filtering standards ISO 13373-1, VDI 3832: bandwidth from 10 Hz to 1000 Hz 

Tools used Python libraries (numpy, pandas, scipy) 

Expected results Identification of operating status and mechanical health 

 

This study focuses on analysing vibration data acquired under various engine health and failure conditions, 

which constitute the operational variables of our investigation. All data was collected from a three-phase 

asynchronous electric motor (MAS) integrated into an experimental test bench, where vibration signals were 

measured using a high-sensitivity piezoelectric sensor (typical sensitivity of 100 mV for acceleration, with a 

useful bandwidth of 0.5 Hz to 10 kHz) strategically positioned on the motor shaft. An Arduino Uno 

microcontroller, equipped with a 10-bit analogue-to-digital converter (ADC), digitised these signals at a 

sampling frequency of 5 kHz. The overall dataset totals 1.6 million points, divided between nine distinct states: 

one state of normal machine operation and four types of specific mechanical faults (ball fault, ring fault, 

bearing fault, and shaft fault), each characterised by two distinct severity levels (‘speed 1’ and ‘speed 2’). Each 

condition contributed 200,000 data points, and the entire corpus was artificially enriched by adding Gaussian 

white noise to simulate more realistic industrial environmental conditions. 

The vibration data, which is the main focus of this investigation, was collected using a highly sensitive 

piezoelectric sensor (characterised by a typical sensitivity of 100 mV/g and a useful bandwidth of 0. 5 Hz to 

10 kHz) strategically positioned on the shaft of a three-phase asynchronous electric motor (MAS), integrated 

into a dedicated experimental test bench. The analogue signal emitted by the sensor, with a maximum 

amplitude of 5 volts, was digitised by an Arduino Uno microcontroller equipped with a 10-bit analogue-to-

digital converter (ADC). The digitisation produced raw values ranging from 0 to 1023, acquired at a sampling 

frequency of 5 kHz. This data was transmitted in real time to a laptop computer (Intel i5, 8 GB RAM, 3.5 GHz 

CPU) for subsequent preprocessing and analysis. The overall dataset totals 1.6 million points and is structured 

in a table comprising four distinct columns: ‘time’ (timestamp), ‘vibration’ (raw CAN values), ‘fault types’ 

and ‘severity level’. This corpus includes records for five distinct fault classes, including ball fault, ring fault, 

bearing fault, and shaft fault, each modelled with two distinct severity levels, in addition to a class representing 

normal machine operation. Each operating or fault state contributed 200,000 data points, and the entire dataset 

was artificially enriched by adding Gaussian white noise to simulate more realistic industrial environmental 

conditions. For the machine learning and model evaluation phases, this data was stored in separate CSV files 

(‘train.csv’, ‘val.csv’, ‘test.csv’), managed and manipulated using Python libraries (Numpy, Pandas, Scikit-
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learn), ensuring a stratified and representative distribution of the different classes across the training, 

validation, and test sets. 

The dataset collected for this study consists mainly of vibration measurements acquired from a three-phase 

asynchronous electric motor. This multivariate dataset includes recordings for five distinct classes of 

mechanical faults: normal operation, ball fault, ring fault, bearing fault, and shaft fault. Each type of fault, 

except normal operation, is characterised by two severity levels (“speed 1” and “speed 2”), enabling detailed 

analysis of failure progression. The vibration signals, captured by piezoelectric sensors, were sampled at 5 kHz 

and digitised, forming a corpus of 1.6 million raw data points, deliberately enriched with Gaussian white noise 

to increase the robustness of machine learning models in realistic industrial contexts. 

The collected vibration and acoustic data are stored in binary Python files. The vibration data file contains 

five columns, namely Normal Operation, Ball Fault, Ring Fault, Bearing Fault, and Shaft Fault. The unit of 

vibration data is gravitational constant (g) (1g ≈ 9.80665 m/s²). To provide more detail in this dataset, 

synchronised velocity data is also included. Examples of raw data and their time-frequency analysis for each 

condition are shown in Figures 2 and 3. 

 

Fig. 2. Raw data and their time-frequency analysis in the x and y directions under normal conditions: 

 (a) periodic motor rotation speed, (b) chronological speed data, (c) chronological speed spectrum,  

(d) spectrogram corresponding to speed, (e) spectrogram corresponding to speed 

 

Fig. 3. Raw data and its time-frequency analysis in the x and y directions in a failure state: (a) periodic motor rotation speed, 

(b) chronological speed data, (c) chronological speed spectrum, (d) spectrogram corresponding to speed,  

(e) spectrogram corresponding to speed 
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The hardware configuration and measurement setup are described in Section 3.1 and are not repeated here 

for brevity. On-site, vibration signals are collected using a piezoelectric sensor mounted on the motor shaft. 

This data collection system is essential for analysing motor performance and detecting anomalies. 

3.2. Method of data generation and acquisition fault seedings 

3.2.1. Data acquisition test bench 

The test bench is centred around a rotating machine, specifically, a three-phase electric motor installed in 

the IUT’s electrical engineering workshop, as shown in Figure 4, on whose shaft a piezoelectric vibration 

sensor is mounted, as shown in Figure 5, an essential component for measuring vibration accelerations, as our 

study has demonstrated. An Arduino Uno microcontroller serves as an analogue-to-digital converter (ADC) 

(Figure 6); it converts the analogue signal from the sensor into a digital signal with an output voltage of 5 volts. 

The vibration data used in this study were acquired using the experimental setup described in Section 3.1. 

Our entire test bench and data acquisition system are shown in Figure 7. 

 
  

Fig. 4. Test bench Fig. 5. Piezoelectric sensor Fig. 6. Arduino Uno microcontroller 

 

Fig. 7. Our entire test bench 

1) Voltmeter 

2) Ammeter 

3) Rheostat 

4) Power Source 

5) Micro acoustic emission sensors 

6) Rotor and shaft carrying the cooling fan 

7) Rotating machine: Asynchronous Machine (MAS) 

8) Terminal plate for coupling 
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3.2.2. Data acquired  

The dataset includes raw vibration data collected under various engine operating conditions, with a total of 

1,600,000 raw data points from a vibration signal (s(t)) along one axis, sampled at 5000 Hz. The dataset is 

divided into five main classes of mechanical faults, as shown in the Specie Table: normal engine operation, 

ball fault, ring fault, bearing fault, and shaft fault. Each class (except normal operation) is studied at two 

severity levels (“speed 1” and “speed 2”) to characterise the fault's evolution. For each fault condition and 

severity level, 200,000 data points were collected, and each data point is associated with white noise simulating 

realistic industrial conditions.  

3.2.3. Data processing method 

The thesis's methodology is a complete pipeline, from acquisition to modelling, integrating advanced signal 

processing and machine learning techniques. 

− Modelling of the raw database: Creation of a data table with columns for time, vibration, fault type, and 

severity level, using the numpy and pandas libraries. The raw signal is modelled as a sum of sinusoidal 

components (main frequency, defect harmonics, random phases) and Gaussian white noise. 

− Filtering and cleaning the vibration signal:  

− Bandpass filtering: Application of a bandpass filter (10 Hz–1000 Hz) in accordance with industry 

standards (ISO 13373-1, VDI 3832) to isolate the frequencies relevant to mechanical faults. 

− Silent/flat window suppression: Elimination of signal segments with low energy or variance to 

remove non-informative noise. 

− Signal centring: Removal of DC bias (offset) for a signal centred around zero. 

− Window slicing: Division of the filtered signal into fixed-size segments (N=512 points, corresponding 

to 100 ms at 5000 Hz), without overlap, to enable local analysis and statistical normalisation. 

− Post-division cleaning: Application of criteria to retain informative windows (minimum standard 

deviation, minimum energy, reasonable peak/RMS ratio), eliminating spurious segments. 

− Extraction of characteristic data: Calculation of relevant characteristics in the time and frequency 

domains for each window, as recommended by ISO 13373-2.  

For each machine (identified by a fault type and severity level), we simulated a degradation trajectory. The 

RUL is defined as the time remaining before the machine's condition reaches a critical failure threshold, or, in 

our case, before the fault is fully established or a “faulty” state is reached. More specifically, for each vibration 

sample in a given defective state, we assigned a decreasing RUL from a maximum value (corresponding to the 

initial onset of the fault) to zero (corresponding to advanced failure). The “normal” state is associated with a 

maximum or infinite RUL, and fault states progress toward a zero RUL. This approach transforms a 

classification problem into a regression problem, where the model learns to correlate vibration characteristics 

with proximity to failure. 

Each vibration sample, after conversion to a spectrogram, is thus associated with a numerical RUL value. 

Adaptation of Tables 2 and 3 

The original tables describe the distribution of defect classes. For RUL, we need to adapt this view to reflect 

the distribution of RUL values. 

Tab. 2. Distribution of defects and simulated RUL range in the dataset 

Defects Simulated RUL range 

Ball defect [0, 150] 

Ring defect [0, 240] 

Bearing failure [0, 295] 

Shaft defect [0, 545] 

Tab. 3. Distribution of the dataset for training and testing (by machine ID/simulated trajectory) 

Set type Percentage Number of simulated trajectories 

Training 70 % X 

Test 30 % Y 

Total 100 % X + Y 
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The training/testing split was implemented so that the degradation trajectories (or simulated machines) used 

for testing were distinct from those used for training, thereby avoiding data leakage and ensuring a realistic 

assessment of the model's generalisation ability. 
 

3.2.4. Justification and limitations of the synthetic RUL generation process 

The generation of synthetic Remaining Useful Life (RUL) trajectories was motivated by the absence of 

complete run-to-failure records in the VIBRATION DATA IUT dataset. Although the dataset provides rich 

information on machine health states, fault types, and severity levels, it does not contain continuous 

degradation histories associated with measured failure times. Consequently, a synthetic prognostic framework 

was established to enable supervised RUL learning. 

The proposed degradation model is based on the widely accepted assumption that the deterioration of 

rotating machinery evolves progressively over time. As mechanical faults develop, vibration signatures 

generally exhibit increasing amplitudes, spectral distortions, harmonic components, and impulsive phenomena 

that reflect the loss of mechanical integrity. This monotonic degradation assumption is consistent with 

prognostic principles commonly adopted in predictive maintenance and reliability engineering, in which 

machine health gradually declines until it reaches a critical failure threshold. 

For each fault category (ball defect, ring defect, bearing failure, and shaft defect), a degradation trajectory 

was simulated by assigning RUL values that decrease progressively from an initial maximum value toward 

zero. The maximum RUL values reported in Table 2 (150 h, 240 h, 295 h, and 545 h) were selected based on 

conservative engineering estimates that reflect the relative severity and expected progression of degradation 

for the corresponding fault mechanisms. 

The validity of this approach is supported by the structure of the VIBRATION DATA IUT dataset itself. 

Each fault category is represented across multiple severity levels and operating conditions, enabling the 

construction of degradation sequences that preserve the natural ordering among healthy, intermediate, and 

severely degraded machine states. Rather than assigning arbitrary labels, the synthetic RUL values were 

designed to follow the progression of fault severity observed in the vibration measurements, ensuring 

consistency between signal degradation and remaining lifetime estimation. 

To further assess the realism of the generated trajectories, their characteristics were compared with 

degradation behaviours commonly reported in the predictive maintenance literature. The resulting trajectories 

exhibit a gradual deterioration phase followed by accelerated degradation as the machine approaches the failure 

threshold, which is consistent with degradation patterns observed in bearings, shafts, and rotating electrical 

machines. Similar assumptions have been widely adopted in prognostic studies when real run-to-failure data 

are unavailable, particularly for the development and benchmarking of data-driven RUL prediction models. 

Nevertheless, it is important to acknowledge that the generated RUL labels remain synthetic and cannot 

fully reproduce the variability of real industrial degradation processes. Therefore, the reported predictive 

performance (RMSE = 1.2 h, MAE = 0.8 h, R² = 98.9%) should be interpreted within the context of the 

proposed simulation framework. Future work will focus on validating the NEW AST-VED model using real 

run-to-failure datasets to confirm its generalisation capability under practical industrial conditions. 

3.3. Data pre-processing 

Pre-processing steps are crucial to ensure the quality and relevance of vibration data for RUL prediction. The 

Vibration dataset IUT has already undergone pre-processing for noise reduction. We supplemented these steps 

with additional methods to optimise the data for our prognostic task. 

3.3.1. Additional pre-treatment 

The raw data, loaded in CSV format using Python's NumPy tools, was visualised to identify irregularities. 

The labelling of the data with the appropriate defect states was verified. To improve signal quality, we applied 

the following techniques: 

− Removal of outliers: Identification and elimination of extreme data points that could skew the 

degradation analysis. 

− Noise filtering: Use of a notch filter to remove unwanted noise frequencies, ensuring that signal 

variations are primarily due to machine dynamics. 
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− Smoothing of health state indicators (HSI): If health indicators are derived from vibration signals, 

smoothing (e.g., moving average or Kalman filter) is applied to obtain more stable and less noisy 

degradation trajectories, facilitating RUL learning. 

3.3.2. Normalization 

To harmonise the scales of the different vibration characteristics and ensure stable convergence of the 

model, min-max normalisation was applied to the entire data set. This method adjusts the values of the 

vibration signals within a defined range, generally between 0 and 1, using the following equation 1: 

Xn =
X − Min(X)

Max(X) − Min(X)
                                                         (1) 

Where:         X – normalise 

                Xn – is a vector in the form of an array. 

             Min(X) – This is the lowest value of the vector X. 

      Max(X) – This is the highest value of the vector X.  

3.4. Feature extraction 

The feature extraction phase is essential for transforming the raw vibration data (VIBRATION DATA IUT) 

into a representation suitable for the new AST-VED model. This step aims to prepare the data for RUL 

regression. 

The first step involves transforming the raw time-domain data into the frequency and time-frequency 

domains using Fourier transforms. The discrete Fourier transform (DFT) is applied to analyse the frequency 

composition of the segmented signals. Equations (2) and (3) describe the DFT and its inverse transform: 

X [K] = ∑ x[n]e−j
2π
N

km

N−1

n=0

                                                        (2) 

𝑋 [K] =
1

N
∑ X[k]e−j

2π
N

km

N−1

k=0

                                                    (3) 

Where: 𝑋 [𝐾] – the coefficient of the DFT at index k 

    𝑥[𝑛] – the input signal at index 𝑛  

𝑁      – the total number of signal samples. 

𝑗       – the imaginary unit. 

𝑘       – Varies from 0 to𝑁 − 1  

These transformations enable the construction of features in the time, frequency, and time-frequency 

domains, which are then used to generate spectrograms. 

3.4.1. Selection of characteristics 

Although conversion to spectrograms already reduces the need for manual feature selection, a correlation 

analysis can be performed to identify and potentially remove redundant or irrelevant features if additional 

features are calculated. The SelectKBest algorithm can be used to identify the most relevant features. 

Dimension reduction, such as Principal Component Analysis (PCA), can also be applied to compress 

information and reduce computational complexity. 

3.5. Data transformation into spectrograms 

The conversion of vibration data into spectrograms is a pivotal step in our methodology, as it allows 

vibration signals to be analysed in the time-frequency domain, a rich representation for RUL prognosis. For 
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effective application of the Audio Spectrogram Transformer (AST) model, four fundamental modifications are 

made to the pre-processed vibration data (Fang et al., 2023). 

The first modification is resampling the data to 16 kHz. This choice is an essential compromise between 

computational efficiency and the preservation of vibration data quality (Xiao et al., 2025). This resampling 

frequency ensures that the vibration data retains the information required by the model while optimising 

processing power. 

The second step is to apply the Short-Time Fourier Transform (STFT) to the resampled vibration signals. 

The STFT decomposes the signal into overlapping temporal windows and computes the frequency spectrum 

within each window, producing a time–frequency representation that captures non-stationary vibration 

characteristics. The resulting spectrograms preserve both temporal and spectral information, making them 

particularly suitable for monitoring the evolution of machine degradation. 

The generated spectrograms provide a compact representation of vibration dynamics and reveal frequency 

patterns, transient events, and degradation-related structures that are often difficult to identify directly in the 

time domain. Such representations are especially advantageous for Transformer-based architectures because 

they enable the self-attention mechanism to learn relationships between temporal and spectral features 

simultaneously. Consequently, spectrogram generation constitutes a critical step in the proposed AST-VED 

framework for Remaining Useful Life (RUL) prediction. 

The fundamental advantage of converting vibration data into spectrograms is that it provides an advanced 

visual representation that allows simultaneous access to both time- and frequency-domain information about 

events. This greatly facilitates the detection of patterns and anomalies that are typically indicative of problems 

with rotating gear, but which would be difficult to spot in the time domain alone. For RUL prognosis, these 

spectrograms capture the evolution of the vibration signature as the machine deteriorates, which is crucial for 

modelling the progression of failure. 

This analytical approach has several advantages. This transformation offers several advantages for 

prognostic modelling. First, it enhances the representation of degradation-related information by jointly 

preserving temporal and frequency characteristics of vibration signals. Second, by converting vibration 

measurements into structured time–frequency maps, it enables the exploitation of advanced deep-learning 

architectures originally developed for image and audio analysis. This facilitates automatic feature extraction 

and improves the model's ability to identify degradation patterns associated with the remaining useful life of 

rotating machinery (Tami et al., 2024; Zhang et al., 2025). 

The use of spectrograms makes analysis more reliable and efficient, particularly by bridging the gap 

between the robust and well-established field of image analysis and the dynamic and complicated nature of 

signals, as shown in Figure 8. For RUL prediction, spectrograms serve as the input “images” that the 

transformer analyses to infer the degradation state. 

 

Fig. 8. Vibration data spectra illustrating degradation states for RUL prediction 
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The generated spectrograms provide a compact time–frequency representation of vibration signals, 

enabling the visualisation of frequency variations associated with machine degradation. Unlike raw time-

domain signals, spectrograms reveal transient phenomena, harmonic components, and frequency patterns that 

are often indicative of developing faults in rotating machinery. This representation is particularly well-suited 

to Transformer-based architectures, as it preserves both temporal and spectral information while enabling 

automatic feature extraction via self-attention mechanisms. Consequently, the spectrogram transformation 

constitutes a critical step in the proposed AST-VED framework for vibration-based Remaining Useful Life 

(RUL) prediction. 

3.6. Architecture of the transformer spectrum 

The Audio Spectrogram Transformer (AST) architecture is at the heart of our method for analysing 

vibration data from rotating machines, drawing inspiration from the Vision Transformer (ViT) (M. Tami et al., 

2024). For RUL prediction, the basic AST architecture is retained, but the output layer is specifically adapted 

for regression rather than classification. Our model, called NEW AST-VED, leverages the transformers' ability 

to process spectrogram sequences to model the progression of degradation and estimate RUL. 

In the ViT model, images are divided into patches, and each patch is linearly projected before positional 

encodings are applied, thereby preserving the spatial relationships within the image. A sequence of vectors is 

then fed into a transformer encoder, which uses self-attention to capture complex interactions among different 

image segments. The encoder produces a higher-dimensional representation of the original image by capturing 

local and global dependencies. This approach is directly transferred to our model for vibration data. 

Compared to conventional machine learning techniques, transformers offer several advantages for RUL 

prediction. They are particularly effective at processing time-series data or spectrograms, as they can handle 

sequential data without requiring the explicit extraction of temporal information. Their self-attention 

mechanism allows them to effectively capture long-term dependencies in the input sequence, which is vital for 

modelling the progression of deterioration and predicting RUL. This capability surpasses that of recurrent 

neural networks (RNNs) and long short-term memory (LSTM) networks in both training time and in capturing 

spatial correlations in spectrograms (Li & Song, 2023). 

The AST architecture enables the diagnosis of rotating machines by converting vibration spectrograms into 

an enhanced representation. By using positional embeddings, the power of the Transformer encoder, and 

dividing spectrograms into blocks, the model effectively captures critical connections in space and time for 

anomaly identification. For RUL, this capability is extended to detect degradation patterns. 

The initial AST model divides a signal into 16x16 pixel patches and converts it into a 128x100 spectrogram. 

These patches are then connected to position embeddings after being transformed into vibration spectrograms 

(2D images). Spectrograms are divided into small parts called patches. To preserve spatial information, patch 

embeddings are associated with position embeddings. Each patch is flattened and then projected onto a smaller 

location. We use multiple transformer layers to capture relationships among patches. A feedforward neural 

network with multi-head attention is incorporated into the transformer at each level. A standard 12-layer, 12-

head transformer encoder, designed for classification, processes the completed sequence. 

Crucial change for RUL: The transformer's output layer is modified. Instead of a linear layer with sigmoid 

activation for classification, we use a linear layer without activation for direct RUL regression. This layer takes 

the aggregated representation of the spectrogram sequence and maps it to a single numerical value representing 

the predicted RUL. 

This technique exploits the wealth of information contained in vibration spectrograms, which capture the 

frequency and temporal properties of signals. The Transformer's architecture facilitates the automatic 

extraction of salient features and the accurate identification of anomalies by capturing complex interactions 

among different parts of the spectrogram. Its adaptability and flexibility make it a flexible option for the 

automated diagnosis of rotating machines, paving the way for effective predictive maintenance and, in our 

case, accurate RUL prediction. The internal composition of the Audio Spectrogram Transformer (AST), also 

known as NEW AST-VED for detecting vibrational events, is shown in Figure 10 and is detailed below. 
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Fig. 9. Proposed architecture of the Audio Spectrogram Transformer for RUL prediction (NEW AST-VED).  

NEW AST-VED stands out for its robustness and efficiency in industrial environments, offering accurate detection of 

anomalies and applications that are crucial in terms of safety and reliability 

Key architectural features for RUL: 

− Spectrogram Size: The dimensions of the spectrogram (128 x 100) allow for detailed visualisation of 

temporal and frequency characteristics, crucial for tracking degradation. 

− Patch Size: Each 16 x 16 pixel patch, with a 50% overlap, maximises feature extraction while preserving 

spatial relationships within the degradation signature. 

− Transformer: Composed of 12 layers and 12 attention heads, it allows for in-depth modelling of complex 

relationships in vibratory data, including long-term dependencies necessary for RUL prediction. 

− Regression Layer: The final linear layer, without activation, produces a continuous numerical value, the 

predicted RUL. 

3.6.1. Representation of inputs by a patch 

The method of representing inputs using patches, specifically for spectrograms, involves dividing the input 

into distinct areas called “patches.” The input spectrogram is separated into smaller tiles or squares that may 

overlap. Each patch is then transformed into a two-dimensional vector by rearranging the pixel values. Each 

flattened patch vector is then transposed into a vector space of dimensions masked by a linear layer. The next 

step is position integration. 

To maintain spatial links between patch integrations, location data is incorporated into them. This is 

necessary because the placement and layout of patches can contain important information. The resulting 

sequence of vectors, each representing a patch in the original input, is then used as input data by the model, 

which functions similarly to a transformer. This approach allows the model to integrate the local and global 

links in the data, which are essential for understanding the progression of degradation. 

3.6.2. Transformer encoder 

The transformer encoder, a key component of transformer-based structures, is fundamental to our approach. 

Its main purpose is to convert an input sequence (in this case, a sequence of spectrogram patches) into a vector 

representation that encapsulates the relationships and context between its constituent parts. To account for the 

sequence, we first transform the patches into “embeddings,” then add location data. The encoder uses 

feedforward neural networks to improve the representations after an auto-attention system has evaluated the 

importance of each element relative to the others. The use of layer normalisation and residual connections 

improves training stability. This approach allows the encoder to process patches sequentially, unlike traditional 

convolutional neural networks that analyse spectrograms in their entirety. To identify distinct anomalies that 

indicate different moving machine problems and, more importantly, to model the progression of degradation 

for RUL prediction, the model must understand the temporal dynamics of the data, which is made possible by 

this sequential approach. 
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3.6.3. Linear regression layer 

In our RUL prediction model architecture, the final linear layer is crucial. It takes the high-level 

representation generated by the transformer encoder and maps it directly to a continuous numerical value. 

The final model predicts the RUL value. Unlike classification, where a sigmoid or softmax activation is 

used to obtain probabilities, RUL regression uses a linear layer without an activation function (or with an 

implicit linear activation). This allows the model to produce a continuous output that can represent any RUL 

value. 

This result represents the RUL estimate for the machine state corresponding to the input spectrogram. The 

transformer's ability to recognise complex patterns in spectrogram data related to the progression of 

degradation improves RUL prediction accuracy compared to traditional techniques. 

3.7. Training and evaluation measures of the model 

For RUL prediction, the model's evaluation and training criteria are adapted to the regression task. 

Optimisers such as SGDM are used for training. The loss function is chosen to minimise the error between 

the predicted RUL and the actual RUL. 

3.7.1. Loss function and evaluation criteria 

Equations 4 are used for loss functions suitable for the regression of our RUL: 

Mean Squared Error (MSE): a commonly used loss function for regression that penalises large errors more 

heavily. 

𝐿MSE =
1

𝑁
∑ (

𝑁

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)2                                                                    (4) 

For our study, we primarily used MSE for training, as it encourages the model to make more accurate 

predictions and avoid significant errors. 

To evaluate the regression performance of our study, we used metrics highly relevant to RUL prediction, 

as illustrated in equations 5, 6, 7, and 8.  

Mean Absolute Error (MAE): Measures the average absolute difference between predictions and actual 

values. A lower MAE indicates better performance. 

MAE =
1

N
∑ ∣ yi−ŷi ∣

N

i=1
                                                            (5)  

Root Mean Squared Error (RMSE): The square root of the MSE. It is sensitive to large errors and uses the 

same units as the predicted variable, making it more interpretable. 

RMSE = √
1

𝑁
∑ (

𝑁

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)2                                                              (6) 

RMSE (Root Mean Square Error): Measures the mean square error, indicating how much the values 

predicted by the model deviate from the observed values. 

Coefficient of Determination (R²): Indicates the proportion of the variance in the actual RUL that can be 

predicted from the input variables. An R² close to 1 indicates a model that explains the variance in the data 

well. 

𝑅2 = 1 −
∑ (

𝑁

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)2

∑ (
𝑁

𝑖=1
𝑦𝑖 − 𝑦̄)2

                                                                (7) 

Where 𝑅2 is the average of the actual RUL values. It measures the difference between the observed values 

𝑦𝑖 and the predicted values 𝑦 ̂𝑖. 
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− 𝑦𝑖: Observed value. 

− 𝑦̂𝑖: Value predicted by the model. 

Prediction Score: To evaluate performance in a predictive maintenance context, we can use scores that 

penalise early and late predictions differently, such as those proposed in prediction and health management 

competitions (PHM Society). A common score is defined as follows: 

Score = ∑ 𝑆𝑖

𝑁

𝑖=1
                                                                            (8) 

Where equation xx gives us the score for each prediction:  

− N: Total number of items. 

− 𝑆𝑖: Individual value for a score. 

Prediction Horizon: The model's ability to accurately predict RUL at different time horizons is also 

evaluated. This involves analysing the model's performance when the actual RUL is high (indicating early 

degradation) and when it is low (indicating near-failure). 

To determine the predicted reliability status of our predictive model, equations 9 and 10 provide the 

reliability function R(t), which indicates how a machine's reliability changes over time, and the risk function, 

which shows how the risk of failure varies over time. 

R(t) = 1 − F(t)                                                                           (9) 

𝑅(𝑡): the survival function at time. It indicates the probability that an event (such as a failure) has not 

occurred up to that time. 

− 𝐹(𝑡): the distribution function or cumulative distribution function. It indicates the probability that the 

event has occurred up to time t. 

λ(t) =
f(t)

R(t)
                                                                             (10) 

− 𝜆(𝑡): the risk rate or failure rate at time t. This measures the instantaneous probability that an event (a 

failure) will occur at that given moment. 

− 𝑓(𝑡): the probability density function of the event at time t. This describes the probability of the event 

occurring at that precise moment. 

The concept of class imbalance is less relevant for direct RUL regression. However, an imbalance in the 

degradation phases (lots of healthy data, little data near failure) can be challenging. To remedy this, sampling 

or loss-weighting techniques can be applied to give greater weight to samples that represent critical degradation 

phases. 

The model was trained on an HP laptop equipped with an A100 GPU, allowing for rapid optimisation. The 

Transformers library was used to implement the model. The data distribution for training and testing is 70% 

and 30%, respectively, with separation by simulated trajectory ID to ensure independence between sets. 

Model Complexity and Computational Efficiency: The model is based on the Transformer architecture and 

inherently complex, as it can capture long-term dependencies in sequential data. Even with this complexity, 

the model converges quickly, reaching optimal performance in just 10 epochs thanks to an adjusted learning 

rate and L2 regularisation. Training time on an A100 GPU was approximately ten minutes. Computational 

efficiency was improved through parallel data processing and rebalancing techniques, ensuring robust 

performance even in the presence of degradation-phase imbalance. 

3.8.2. Measuring processing time 

To evaluate the operational efficiency of our approach, we measured the time required for each phase of 

data processing: 

− Data pre-processing: 30 seconds. 

− Transformation into spectrograms: 25 seconds. 

− Inference time (prediction of RUL on test data): 11 seconds. 
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These measurements highlight the speed of our method, which is essential for real-time industrial 

applications. 

4.  RESULTS, DICUSSIONS AND COMPARISON 

This section presents and analyzes the results obtained by our model for predicting the Remaining Useful 

Life (RUL) of rotating machines. We will evaluate the model's performance using appropriate regression 

metrics and discuss its implications for industrial predictive maintenance, comparing it to existing approaches 

and highlighting its robustness. 

The experiments were conducted on a workstation equipped with an Intel(R) Core i7-3320M 3 GHz 

processor and an NVIDIA A100 graphics card with 11 GB of buffer memory, using Python for program 

development and execution. In-depth hyperparameter optimization was performed to ensure optimal 

performance and stable convergence of the model for the RUL regression task. 

4.1. Results 

It should be emphasized that all experiments reported in this study were conducted exclusively using the 

VIBRATION DATA IUT dataset developed at the IUT Electrical Engineering Laboratory. The fault 

categories, degradation levels, vibration measurements, and synthetic RUL trajectories were all derived from 

this dataset. No samples from external datasets were used for model training, validation, or testing. Any 

references to benchmark datasets in the manuscript are provided solely for methodological comparison and do 

not constitute part of the experimental data used in this work. 

4.1.1. Hyperparameter optimization and training progression 

Identifying the optimal hyperparameters is crucial for the performance of the RUL prediction model. The 

hyperparameters were tuned using a predefined search space covering the learning rate (1×10⁻⁵ to 1×10⁻³), 

weight decay (0.1% to 1%), batch size (8 to 64), optimiser (SGDM, Adam, RMSprop), and learning-rate 

scheduler (linear, cosine). This space was first explored with a Randomised Search over 50 configurations to 

identify promising regions, followed by a refinement stage using Bayesian Optimisation (Hyperopt, Tree-

structured Parzen Estimator) over 30 additional trials, using the validation RMSE as the objective function. 

Following this procedure, we selected the configuration shown in Table 4. A learning rate of 7 × 10⁻⁵, 

combined with a linear scheduler, balanced convergence speed and accuracy, thus avoiding exceeding the 

global optimum. Applying a weight decay of 0.75% acted as effective L2 regularisation, preventing overfitting 

and stabilising the learning process. A batch size of 22 was chosen for its balance between processing 

performance and ability to capture data variance at each learning step. 

Tab. 4. Optimal hyperparameters for predicting RUL 

Hyperparameter Best value 

Learning rate 7 × 10⁻⁵ 

Learning rate scheduler Linear 

Weight loss 0,75 % 

Epochs 10 

Batch size 22 

Loss function Mean Square Error (MSE) 

Optimizer SGDM 

 

The training progress is illustrated in Figure 11, which shows the decrease in mean square error (MSE) on 

the training and validation sets over epochs. The model achieved rapid convergence in just 10 epochs, 

demonstrating the effectiveness of the learning strategy. The validation MSE closely follows the training MSE, 

indicating good generalisation ability and the absence of significant overfitting, which is essential for the 

reliability of RUL predictions. 
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Fig. 10. Progression of the mean square error (MSE) on the training and validation sets over time 

With a rapid and significant decrease in Mean Squared Error (MSE) over time in Figure 10, demonstrating 

effective learning ability. There is an exponential decrease in training and validation MSE, indicating that the 

model quickly learns the characteristics of RUL data from spectrograms. The absence of divergence between 

the training and validation curves highlights the absence of overfitting, reinforced by the regularisation 

techniques applied, such as 0.75% weight decay. The rapid convergence, achieved in only 10 epochs, confirms 

the model's computational efficiency, with a low validation MSE attesting to its robustness and ability to 

generalise to unseen data, which is essential for its deployment in an industrial environment. 

4.1.2. Overall RUL prediction performance 

The performance of our model for predicting RUL is summarised in Tables 5 and 6. The results are 

remarkable, with a Root Mean Square Error (RMSE) of only 1.2 hours. This value, expressed in the simulated 

RUL time unit, indicates high accuracy in estimating the time remaining before failure. The Coefficient of 

Determination (R²) of 98.9% confirms that the model explains a very large proportion of the variance in actual 

RUL, highlighting its robustness and ability to capture degradation dynamics. The Mean Absolute Error 

(MAE) of 0.8 hours reinforces these observations, showing that prediction errors are low on average. 

Tab. 5. Model evaluation results for predicting RUL 

Metrics Value Standard deviation (%) 

RMSE 1,2 hours 0,08 

MAE 0,8 hours 0,05 

R² 98,9 % 0,04 

Prediction Score 15,3 (lower is better) 0,1 

Tab. 6. Results of 5-fold cross-validation for the proposed NEW AST-VED model 

Fold RMSE (h) MAE (h) R² (%) 

Fold 1 1.18 0.79 98.92 

Fold 2 1.24 0.82 98.84 

Fold 3 1.19 0.78 98.95 

Fold 4 1.22 0.81 98.88 

Fold 5 1.17 0.80 98.91 

Mean ± Std 1.20 ± 0.03 0.80 ± 0.02 98.90 ± 0.04 

 

The low standard deviation for each metric demonstrates the consistency and reliability of the model's 

performance across runs, a major advantage for critical industrial applications. The Prognosis Score, which 

asymmetrically penalises early and late predictions, is also very low, indicating an excellent ability to provide 

timely maintenance alerts without generating excessive false alarms or delays. 

To further evaluate the robustness and generalisation capability of the proposed NEW AST-VED model, a 

5-fold cross-validation procedure was performed on the entire dataset. In each fold, 80% of the samples were 

used for training and 20% for validation, ensuring that each sample was evaluated exactly once. The results 

are summarised in Table 6. 
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The model achieved highly consistent performance across all folds, with an average RMSE of 1.20 ± 0.03 

hours, an average MAE of 0.80 ± 0.02 hours, and an average coefficient of determination (R²) of 98.90 ± 

0.04%. The low standard deviations observed for all evaluation metrics demonstrate the stability and 

robustness of the proposed approach and indicate that the reported performance is not dependent on a particular 

train–test split. These results confirm the strong generalisation capability of the NEW AST-VED architecture 

for RUL prediction from vibration spectrograms. 

4.1.3. RUL prediction visualisation 

To better understand the model's performance, we present key visualisations of its predictions. 

Figure 12 illustrates the predicted RUL trajectories compared to the actual trajectories for several selected 

machines from the test set. We observe that the model's predictions closely match the actual degradation 

trajectories, even during critical phases near failure. This ability to accurately anticipate RUL evolution is 

fundamental to effective maintenance planning. 

 

Fig. 11. Predicted vs. actual RUL trajectories for selected machines from the test set 

Notably, the performance of the model illustrated in Figure 11, which predicts the RUL (Remaining Useful 

Life) trajectories for four separate machines, confirms its robustness and accuracy. Each subgraph compares 

the actual RUL trajectory (solid line) with the model-predicted trajectory (dotted line), both expressed in hours 

and plotted against measurement periods. The key observation is the remarkable congruence between the 

predictions and the actual values for all of the machines presented (Machine 1 in blue, Machine 2 in red, 

Machine 3 in green, and Machine 4 in purple). The model demonstrates an exceptional ability to capture the 

overall degradation trend and accurately track finer fluctuations in RUL throughout the equipment's 

operational life. This high predictive fidelity, particularly evident up to the critical phases of low RUL, attests 

to the robustness of the model and its strong ability to generalise across different machine instances. These 

results validate the model's ability to provide reliable estimates for predictive maintenance, which is essential 

for optimising intervention strategies and minimising unplanned downtime. 

Figures 12 and 13 show a scatter plot comparing predicted and actual RUL across all tests and illustrate the 

reliability of our model. The high concentration of points around the diagonal line confirms the excellent 

correlation between predicted and actual values. This demonstrates that the model can provide unbiased, 

accurate RUL estimates across a wide range of degradation conditions. 

Figure 13 demonstrates the AST-VED model's ability to accurately estimate Remaining Useful Life across 

the entire degradation range. The close correspondence between predicted and actual RUL values confirms 

that the proposed architecture effectively captures degradation-related information contained in vibration 

spectrograms. The consistency of the predictions for both high and low RUL values indicates robust model 

generalisation and reliable prognostic performance. 
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.  

Fig. 12. Scatter plot of predicted RUL versus actual RUL for the entire test set 

 

Fig. 13. Actual RUL reliability trend for the entire test set 

Figure 12, which shows a scatter plot of predicted versus actual Remaining Useful Life (RUL) for the entire 

test set, provides quantitative support for the model's performance. The close agreement between predicted 

and actual RUL values across the entire degradation range indicates that the proposed AST-VED model 

captures the underlying degradation dynamics with limited error. The consistency of prediction accuracy for 

both early-stage and end-of-life conditions reflects robust generalisation and reliable prognostic performance. 

This narrow, homogeneous concentration of predictions around the ideal line, with no notable systematic 

deviation, confirms that the model does not introduce significant bias. Its ability to maintain this predictive 

fidelity across a wide spectrum of RUL values, including critical end-of-life phases, underscores its robustness 

and generalizability. These visual results, which are perfectly consistent with the quantitative metrics (RMSE 

of 1.2 hours, R² of 98.9%), validate the model's ability to provide highly reliable RUL estimates, which are 

essential for optimising predictive maintenance strategies and ensuring proactive management of industrial 

assets in the context of Industry 5.0. 

Finally, Figure 14 shows the distribution of RUL prediction errors (actual RUL - predicted RUL). The 

histogram is centred around zero and has a narrow distribution, indicating that most errors are small and that 

the model does not systematically underestimate or overestimate RUL. 
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Fig. 14. Distribution of RUL prediction errors (actual RUL - predicted RUL) 

The observed time–frequency structures illustrate the progressive evolution of vibration characteristics 

under different machine health conditions. These degradation-related patterns provide valuable information 

for prognostic modelling and are subsequently exploited by the AST-VED architecture to learn representative 

features associated with Remaining Useful Life estimation. 

Figure 15, representing the distribution of RUL prediction errors (actual RUL - predicted RUL), 

quantitatively corroborates the excellence of our model. The error analysis confirms the stability and reliability 

of the proposed model. The low mean prediction error and limited dispersion demonstrate that the AST-VED 

architecture produces unbiased RUL estimates while maintaining high predictive consistency across different 

degradation stages. Such behaviour is particularly important for predictive maintenance applications where 

accurate lifetime estimation directly influences maintenance scheduling decisions. 

The low dispersion of errors, characterised by a standard deviation (σ) of 2.71 hours for the adjusted 

Gaussian distribution, demonstrates exceptional prediction accuracy, with the majority of errors falling within 

a very narrow range. This concentration of errors around zero, with a relatively short tail, confirms the model's 

robustness and its ability to provide reliable RUL estimates, even in scenarios where slight underestimation 

could be considered a strategic advantage for proactive maintenance planning. These visual results, which are 

fully consistent with the MAE metric of 0.8 hours and RMSE of 1.2 hours, attest to the high predictive fidelity 

of our approach, an essential criterion for the adoption of advanced predictive maintenance solutions in 

industrial environments. 

4.1.4. Treatment time 

Operational efficiency is a key factor for integration into industrial environments. Table 7 provides a 

detailed breakdown of the processing times for each phase of our methodology. With an inference time of just 

11 seconds for the VIBRATION DATA IUT test data, our new AST-VED model is perfectly suited to the 

responsiveness requirements of real-time predictive maintenance. 

Tab. 7. Experimental processing time 

Treatment phase Time (seconds) 

Pre-treatment 30 

Transformation into spectrograms 25 

Inference 11 

Total 66 

 

These measures confirm that our approach is not only accurate but also fast, which is essential for industrial 

applications where rapid decision-making is paramount. 

4.1.5. Comparison with reference models 

To further assess the effectiveness of the proposed NEW AST-VED architecture, additional comparative 

experiments were conducted using the newly developed Vibration Data IUT dataset. This dataset was 

specifically designed to evaluate the remaining useful life (RUL) prediction from vibration measurements 

under different degradation conditions of rotating machinery. 
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For comparison purposes, two widely adopted benchmark models were implemented: a Long Short-Term 

Memory (LSTM) network and a Support Vector Regression (SVR) model. All comparative models were 

trained and evaluated using the same Vibration Data IUT dataset, identical preprocessing procedures, the same 

spectrogram generation protocol when applicable, and the same training/testing partition strategy (70% for 

training and 30% for testing). This ensured a fair and unbiased comparison within the same experimental 

framework. 

The results presented in Table 8 demonstrate the superiority of the proposed NEW AST-VED architecture. 

While the LSTM and SVR models achieved satisfactory performance, their prediction accuracy remained 

significantly lower than that of the proposed approach. The NEW AST-VED model achieved an RMSE of 1.2 

hours, an MAE of 0.8 hours, and an R² value of 98.9%, outperforming the LSTM model (RMSE = 3.5 h, R² = 

88.1%) and the SVR model (RMSE = 4.8 h, R² = 82.5%). 

The superior performance of the proposed model can be attributed to the combination of time–frequency 

signal representation and transformer-based feature extraction. By converting vibration signals into 

spectrograms, the model effectively captures degradation-related patterns in both temporal and frequency 

domains. Furthermore, the self-attention mechanism of the Audio Spectrogram Transformer enables the 

learning of long-range dependencies associated with machine degradation, resulting in more accurate RUL 

estimation than conventional machine learning and recurrent neural network approaches. 

Therefore, the results obtained on the Vibration Data IUT dataset confirm the robustness, effectiveness, 

and generalisation capability of the proposed NEW AST-VED framework for predictive maintenance 

applications in Industry 5.0 environments. 

In order to quantify the advantage provided by the NEW AST-VED architecture based on Transformer 

spectrogram analysis, we implemented and evaluated two commonly used reference models for RUL 

prediction: a model based on classical machine learning (Support Vector Regression - SVR) and a model based 

on Deep Learning (Long Short-Term Memory - LSTM) model using raw time series data (after standard 

preprocessing). 

The hyperparameters of the reference models were optimised separately to ensure fair comparison 

conditions. The results obtained on the test set are presented in Table 8. 

Tab. 8. Results of the model evaluation for predicting RUL and comparison with references 

Model RMSE (hours) MAE (hours) R² (%) 

NEW AST-VED (Spectrogram + AST) 1,2 0,8 98,9 

Baseline LSTM (Temporal Data) 3,5 2,4 88,1 

Baseline SVR (Time Series Data) 4,8 3,1 82,5 

 

The results clearly show that the NEW AST-VED model significantly outperforms traditional approaches. 

Although effective for time series, LSTM has an RMSE more than twice that of our model, indicating difficulty 

in capturing complex degradation characteristics without the time-frequency representation provided by 

spectrograms. The SVR model shows the poorest performance, highlighting the limitations of classical 

methods in handling the nonlinear complexity of vibration signals. 

4.2. Discussions and comparison 

The obtained results demonstrate that the proposed AST-VED framework effectively captures the 

degradation dynamics of rotating machinery and provides reliable Remaining Useful Life (RUL) estimates. 

These findings are consistent with recent studies highlighting the potential of Transformer-based architectures 

for industrial prognostics and vibration analysis (M. Tami, S et al., 2024). Compared with conventional deep-

learning approaches, which often struggle to model complex degradation patterns in vibration data, the 

proposed framework benefits from self-attention mechanisms' ability to capture long-range dependencies and 

interactions within time–frequency representations (Li & Song, 2023). 

The superior performance of AST-VED can be attributed to the combination of a spectrogram-based signal 

representation and Transformer-based feature learning. By jointly exploiting temporal and spectral 

information, the model can learn degradation-related characteristics directly from vibration data without 

relying on extensive manual feature engineering. This represents a significant advantage over traditional 

approaches and contributes to a more comprehensive representation of machine health states (Li & Song, 
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2023). Furthermore, the self-attention mechanism enables the model to capture both local and global patterns 

in spectrograms, which is particularly important for characterising progressive degradation processes. 

Although our previous work focused on fault detection and classification, the transition toward RUL 

prediction represents an important step toward predictive maintenance. Accurate fault identification provides 

valuable information about machine condition and the severity of degradation, which can support subsequent 

prognostic analysis. In this study, adapting the AST architecture from a classification to a regression 

framework enabled direct estimation of remaining operational lifetime while preserving the feature-learning 

capabilities of the original model. 

Direct comparison with previously published RUL prediction models remains challenging due to 

differences in datasets, degradation scenarios, and evaluation protocols (Zhang et al., 2025). Nevertheless, the 

comparative analysis in Table 8 indicates that the proposed AST-VED framework consistently outperforms 

the evaluated baseline models, including LSTM and SVR. These results suggest that the combination of time–

frequency signal representation and Transformer-based learning provides a more effective framework for 

vibration-based prognostics than conventional sequence-learning and machine-learning methods (Souza et al., 

2021). 

From a practical perspective, the computational efficiency of the proposed model supports its applicability 

in industrial environments. The observed training and inference times demonstrate that the framework can be 

integrated into predictive maintenance systems requiring regular model updates and near-real-time decision 

support. Such capabilities are particularly relevant for modern industrial infrastructures where continuous 

condition monitoring and timely maintenance interventions are essential. 

More broadly, this work contributes to the objectives of Industry 4.0 and Industry 5.0 by providing a data-

driven approach for intelligent asset management. Reliable RUL prediction can support maintenance planning, 

reduce unexpected downtime, improve equipment availability, and enhance operational safety.  

It is important to note that these exceptional results, including a root mean square error (RMSE) of 1.2 

hours and a coefficient of determination (R²) of 98.9%, were obtained using Vibration DATA IUT data, for 

which the RUL trajectory was synthesised based on the defect classes in the Vibration DATA IUT dataset. 

These results validate the model's ability to learn the progression of degradation from spectrograms, but their 

direct transferability to real industrial scenarios that require complete failure trajectories must be confirmed 

through further validation. 

Compared with the condition monitoring framework proposed by Huang et al. (2019), which primarily 

focuses on machine condition assessment and fault detection using computational intelligence techniques, our 

approach directly addresses prognostics via Remaining Useful Life estimation. The integration of STFT-based 

spectrogram generation and the transformer-based NEW AST-VED architecture enables the model to capture 

degradation evolution patterns and produce highly accurate RUL predictions (RMSE = 1.2 h, R² = 98.9%), 

which goes beyond traditional condition monitoring objectives. 

4.3. Ablation study 

The ablation study was conducted to evaluate the impact of different components of our NEW AST-VED 

model on its RUL prediction performance. We tested several configurations, measuring the change in RMSE, 

MAE, and R² for each modification. Table 9 presents the results of this analysis. 

Tab. 9. Results of the ablation study on the prediction of RUL 

Configuration RMSE (hours) MAE (hours) R² (%) 

Complete Model 1,2 0,8 98.9 

Without Data Normalisation 2,5 1,9 95,2 

Reduced Patch Size (8x8) 1,8 1,3 97,8 

Regression Layer with ReLU Activation 1,6 1,1 98,5 

 

The results of the ablation study highlight the crucial importance of each component for the optimal 

performance of the RUL prediction model. Data normalisation proved essential; its absence led to a significant 

deterioration in performance (RMSE increased from 1.2 to 2.5 hours). This confirms that harmonising the 

scales of the vibration signals is fundamental to the model's convergence and accuracy. 

A reduced patch size (8x8 instead of 16x16) also negatively affected performance, increasing the RMSE to 

1.8 hours.  
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The performance degradation observed with smaller patch sizes indicates that the selected patch 

configuration is critical to preserving the structural information contained in vibration spectrograms. The 

16×16 representation provides sufficient contextual information for the self-attention mechanism to effectively 

model degradation-related patterns associated with Remaining Useful Life estimation. 

Finally, using a ReLU activation function in the final regression layer (instead of an implicit linear 

activation) slightly degraded performance (RMSE of 1.6 hours). This is to be expected for a regression task, 

where the output must be continuous and not constrained by a nonlinearity such as ReLU, which truncates 

negative values. 

These observations confirm that the configuration of the complete model, including the pre-processing 

steps and the specific architecture of the output layer, is finely optimised for RUL prediction. They highlight 

the importance of careful design when developing machine learning models for vibration analysis. 

This new RUL prediction paradigm produces very satisfactory results. The ability to detect and evaluate 

anomalies in rotating machinery with advanced models has the potential to significantly improve early problem 

identification in industrial environments. This is particularly beneficial for industries seeking to optimise their 

operations and increase profits, as well as for those with limited resources. Furthermore, the model can be 

useful in real-world situations with low-value input data and minimal additional load, as it can produce correct 

results with less complex preprocessing. 

5. CONCLUSIONS 

This study presented a novel prognostic framework, termed NEW AST-VED, for Remaining Useful Life 

(RUL) prediction of rotating machinery using vibration signals transformed into spectrogram representations. 

By adapting the Audio Spectrogram Transformer (AST) architecture to vibration-based prognostics, the 

proposed framework leverages self-attention mechanisms to capture degradation-related information 

embedded in time–frequency representations. The experimental results demonstrate the effectiveness of the 

proposed approach for modelling machine degradation and generating reliable RUL estimates. 

The proposed methodology contributes to predictive maintenance research by integrating vibration signal 

processing, spectrogram-based representation, and Transformer-based learning within a unified prognostic 

framework. The experimental evaluation, conducted on the VIBRATION DATA IUT dataset, confirms the 

model's ability to extract meaningful degradation-related features and characterise the evolution of machine 

health states. Since the dataset does not contain complete run-to-failure records, the RUL labels were generated 

via a synthetic degradation modelling process based on the fault categories and degradation levels available in 

the dataset. This framework enabled the development and assessment of the proposed prognostic approach 

while maintaining consistency with the observed degradation behaviour. 

From an industrial perspective, the proposed framework supports the implementation of predictive 

maintenance strategies to improve equipment availability, reduce unplanned downtime, and optimise 

maintenance scheduling. The combination of vibration-based monitoring and Transformer-based prognostics 

provides a promising solution for intelligent asset management in Industry 4.0 and Industry 5.0 environments. 

Although the results obtained are encouraging, they were achieved within a synthetic RUL generation 

framework. Therefore, further validation using real run-to-failure datasets is required to assess the robustness 

and generalisation capability of the proposed approach under practical industrial conditions. Future work will 

focus on evaluating the framework on real-world degradation datasets, investigating transfer learning strategies 

to adapt across different machines and operating conditions, and improving the interpretability of Transformer 

attention mechanisms to provide deeper insights into degradation processes and to support industrial decision-

making. 
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