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Abstract 

This paper presents a Load-Dependent Multimodal Vibration Signal Enhancement and Fusion 

Framework (LD-MVSEFF) for load-specific condition monitoring, building on the Customised Load 

Adaptive Framework (CLAF). The proposed approach enhances the classification of CLAF load-

dependent fault subclasses namely Healthy, Mild, Moderate, and Severe by integrating 

complementary information from raw vibration signals and signal-encoded representations. Three 

input channels are employed, combining time–frequency domain features with Continuous Wavelet 

Transform (CWT) and Gramian Angular Difference Field (GADF) image encodings, with each 

channel independently trained and evaluated to identify its most effective classifiers. To address the 

reduced separability of the Mild and Moderate fault subclasses under varying load conditions, a 

weighted decision fusion strategy is introduced, assigning classifier contributions according to their 

class-specific strengths. Experimental evaluation over five runs demonstrates high and stable 

performance, with the best configuration achieving an overall accuracy of 99.04% ± 0.22% and an 

average training time of 18 min and 30 s. The results confirm the effectiveness of LD-MVSEFF as a 

robust multimodal methodology for load-specific condition monitoring. 

Keywords: bearings fault classification; Customised Load Adaptive Framework (CLAF); Gramian 

Angular Difference Field (GADF); load variation; Machinery Fault Prevention Technology (MFPT) 

dataset; multimodal decision fusion; wavelet scalograms 

 

1. Introduction 

Rotating machinery, including pumps, electric motors, ventilators, and wind turbines, plays a 

vital role across numerous industrial applications. As such, failures in these systems carry significant 

operational and economic implications. Among their components, bearings are particularly 

susceptible to degradation due to prolonged operational stress, often resulting in suboptimal 

conditions and reduced system efficiency [1]. In Induction Motors (IMs), bearing faults account for 

approximately 40%–50% of total failures [2]. Various diagnostic techniques have been developed to 

detect bearing faults, including temperature monitoring, acoustic emission analysis, vibration signal 

analysis, and more recently, data-driven methods such as neural networks [3]. Detecting these faults 

early is essential for maintaining reliability and avoiding costly downtime. Traditional approaches 

rely on time-domain, frequency-domain, or time–frequency analysis of vibration signals [4], but often 

overlook the complementary nature of these domains [5].  

Recent advances in Machine Learning (ML) and Deep Learning (DL) have improved fault 

classification performance [3,6,7]. Convolutional Neural Networks (CNNs), in particular, are widely 

used for fault diagnosis using both 1D vibration signals [8] and 2D signal encodings such as 

Continuous Wavelet Transform (CWT) images [9–11] or thermal images [1]. Pre-trained CNNs and 
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Transfer Learning (TL) have further enhanced diagnostic performance across domains [12–16]. 

However, most studies assume access to multiple sensor modalities or use single-view 

representations, limiting their generalization under varying load conditions. 

A key challenge remains: how to effectively capture rich, discriminative features from a single 

signal source (vibration) to improve fault subclass classification under different loads. While data 

fusion techniques have been explored  [1,17–21], their application has largely focused on multi-

sensor setups or generic fault types. Meanwhile, emerging 2D signal encoding techniques such as 

Gramian Angular Fields (GAF), including Gramian Angular Summation Field (GASF) and Gramian 

Angular Difference Field (GADF), and CWT have shown potential for improving feature extraction 

from vibration signals [1,11,22–25]. Although GADF has demonstrated strong potential, it is still less 

commonly utilized than CWT in the context of vibration signal encoding for in vibration-based 

condition monitoring frameworks. 

This study builds on these findings by proposing a deep learning–based fusion framework 

aligned with the Customized Load Adaptive Framework (CLAF) [7], which enables more granular 

load-dependent subclassification (Healthy, Mild, Moderate, Severe). Unlike conventional binary 

classification (“Normal” vs “Faulty”), CLAF provides a structured way to model fault severity under 

varying load conditions. 

To the best of the authors’ knowledge, no existing work systematically integrates multi-view 

representations derived from vibration signals within a unified fusion architecture explicitly tailored 

for CLAF-based subclass classification. This paper addresses that gap through a multichannel 

architecture that combines statistical, time–frequency, and 2D image-based features using 

performance-weighted decision fusion. 

The proposed Load-Dependent Multimodal Vibration Signal Enhancement and Fusion 

Framework (LD-MVSEFF) employs a three-channel decision fusion technique, integrating GADF, 

CWT, and Time and Frequency Domain (TFD) features through three dedicated feature extraction 

channels. Each channel is paired with an optimized classifier, and their outputs are fused using a 

weighted strategy to improve robustness and classification performance under load variation. The 

contributions of this paper are summarized as follows:  

(a) Multimodal fusion and decision fusion: The proposed framework LD-MVSEFF combines 

features from GADF, CWT, and TFD data to enhance the Load-Dependent Fault Classification builds 

on the CLAF. By integrating these complementary patterns and using a weighted decision fusion 

approach, the framework assigns classifier weights based on performance, helping to improve 

accuracy, particularly in the more challenging Mild and Moderate fault subclasses.  

(b) Comprehensive data integration: Insights from both 1D vibration signals and 2D RGB 

images (CWT and GADF) were combined to capture complementary patterns, enhancing the 

classification. 

The paper’s structure is as follows: Section 2 covers the theoretical background and state-of-the-

art research. Section 3 details the proposed framework and the dataset. Section 4 discusses the 

experimental results and evaluation. Lastly, Section 5 concludes the paper with suggestions for future 

research directions.  

2. Background and Related Work 

2.1. Features Extraction Domains in Signal Processing 

Feature extraction operates within three primary domains: temporal, spectral, and time-

frequency. These distinct domains serve as tools to capture distinctive aspects of signal behavior. The 

section starts with Time-Frequency Domain (TFD) feature extraction and moves to the 2D TFD 

features. 

The Feature extraction from vibration signals in the time domain is a crucial component of 

machinery fault diagnosis, enabling the early detection and continuous monitoring of machinery 

faults. This method entails computing diverse statistical parameters from the original vibration 
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signal, which can subsequently be employed to assess the machinery’s condition and detect potential 

problems. Various key parameters are utilized in vibration signal analysis to extract vital information. 

These parameters include the Peak or Max value, which denotes the highest observed amplitude in 

the signal, and the Root Mean Square (RMS), which provides insights into signal magnitude. 

Skewness assesses distribution asymmetry, whereas Standard Deviation (std) quantifies average 

deviation from the mean. Kurtosis indicates distribution “tailedness,” potentially identifying outliers 

or impulses. The Crest Factor, calculated as the peak amplitude-to-RMS ratio, reflects peak sharpness. 

Peak-to-peak measures the range between maximum and minimum values, whereas the Impulse 

Factor accentuates impulsive behaviors often linked to machinery faults. These parameters contribute 

to a comprehensive understanding of vibration signal characteristics, facilitating effective fault 

diagnosis and condition monitoring [26–29].  

On the other hand, extracting features from the frequency domain can provide insights into the 

data's periodic components and harmonic structures. The frequency domain analysis of vibration 

signals involves examining the amplitude changes for different frequencies [30]. These features 

capture frequency-specific aspects of the signal and contribute to a better understanding of the 

vibration behavior [31]. Analyzing the frequency domain of vibration signals is crucial for 

understanding periodic components and harmonic structures. Key features include Root Mean 

Square Frequency (RMSF), Centre Frequency (CF), Mean Square Frequency (MSF), Frequency 

Variance (FV), and Root Frequency Variance (RVF), providing insights into signal characteristics and 

power distribution [31]. Standard harmonic features, such as Total Harmonic Distortion (THD), 

quantify frequency content [32,33]. Signal-to-Noise Ratio (S/N) and Signal-to-Noise and Distortion 

Ratio (SINAD) assess signal quality, particularly in gearbox fault analysis [34]. Spectral analysis 

transforms signals from the time domain to the frequency domain, with the AR model being a 

popular choice. Various methods, like Yule-Walker and Burg’s, compute AR coefficients, whereas the 

forward-backwards approach enhances classification, especially in machinery fault diagnosis [35,36]. 

Spectral features like Peak Amplitude, Peak Frequency, and Band Power offer comprehensive 

insights into frequency characteristics [30–33,35,37]. 

2.2. Two-Dimensional (2D) Signal Encoding Techniques 

(a) Gramian Angular Field (GAF) Signal Encoding  

Wang and Oates introduced the concept of GAF encoding, a method that transforms time series 

data into images. GAF’s distinctive matrix construction maintains the integrity of the original data 

while capturing relationships between neighboring elements. This methodology proves beneficial for 

CNN models, enabling automatic feature extraction and enhancing classification performance [38]. 

The core concept behind converting time-series data into images using GAF involves creating a 

matrix based on polar coordinates. This matrix preserves the temporal relationships within the one-

dimensional (1D) time-series signal, maintaining accurate temporal correlations compared to 

Cartesian coordinates. The process yields two types of GAF images: Gramian Angular Summation 

Field (GASF) and Gramian Angular Difference Field (GADF) [22]. 

Given a time series X = {𝑥1, 𝑥2, ..., 𝑥𝑛}, the signal is first normalised and rescaled to the interval 

[−1,1] to ensure a bijective mapping during polar coordinate transformation, as in (1) [22,39] : 

The time series is then mapped into polar coordinates by computing the angular component 𝜙, 

defined as the inverse cosine of the normalized signal 𝑥̅𝑖, while the polar coordinate 𝑟 encodes the 

temporal position of each sample. The transformation is given in (2) [22,39]: 

Where 𝑡𝑖 denotes the timestamp (sample index), 𝑁 is a scaling constant, and 𝑟 represents the 

polar coordinate used to encode the temporal progression in the polar coordinate space. Restricting 

𝑥̅𝑖 =
((𝑥𝑖 − max(𝑋)) + (𝑥𝑖 − min(𝑋)))

max(𝑋) − min(𝑋)
 

(1) 

{
𝜙 = 𝑎𝑟𝑐𝑐𝑜𝑠(𝑥̅𝑖), −1 ≤ 𝑥̅𝑖 ≤  1, 𝑥̅𝑖 ∈  𝑋̅ 

𝑟 =  
𝑡𝑖

𝑁
,                     𝑡𝑖  ∈  𝑁

 
(2) 
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𝜙  to the interval [0,π] ensures a bijective angular mapping, preserving unique temporal 

relationships. 

Unlike Cartesian representations, GAF preserves temporal structure by encoding time 

progression along the main diagonal of the resulting matrix. Temporal correlations between samples 

are quantified through angular relationships, using either the summation term 𝑐𝑜𝑠(𝜙𝑖 +  𝜙𝑗)  for 

GASF or the difference 𝑐𝑜𝑠(𝜙𝑖 −  𝜙𝑗) for the GADF [1]. 

(b) Continuous Wavelet Transform (CWT) 

The Wavelet Transform (WT) provides an alternative to the Short-Time Fourier Transform 

(STFT) for analyzing non-stationary signals, as it can represent both temporal and spectral 

characteristics with variable time–frequency resolution [9,24]. The CWT maps a time-domain signal 

into a time–frequency representation via convolution with a scaled and translated mother wavelet, 

producing correlation coefficients between the wavelet function and the original signal [10]. By 

adjusting the scale and translation parameters, CWT enables precise correlation measurement and 

energy-distribution mapping of the waveform, typically visualized as a scalogram [1]. In machine 

fault diagnosis, the Morlet wavelet is commonly combined with CWT to analyze vibration signals 

and generate time–frequency images that can be used as inputs to CNN-based classifiers for fault 

identification [40].  

2.3. Customised Load Adaptive Framework (CLAF)  

The CLAF is a two-phase methodology designed to enhance fault classification in induction 

motors, particularly under varying radial loads. It is tailored specifically for the MFPT bearing 

dataset. Phase 1 involves load-dependent pattern analysis in the time and frequency domains, 

including data preprocessing, segmentation, feature extraction, and validation using one-way 

ANOVA. Phase 2 customizes the methodology for the dataset by using Wavelet Singular Entropy 

and the CWT to classify faults into load-dependent subclasses: Normal (fault-free) or Healthy, Mild, 

Moderate, and Severe. This approach provides a detailed understanding of how load variations affect 

induction motor defects and introduces a new dimension to traditional fault classification by focusing 

on load variation and dataset customization. The CLAF is validated through classifier training and 

classification accuracy analysis for the proposed subclasses [7].  

2.4. State-of- The Art and Research Gaps  

The field of fault detection in manufacturing systems has seen significant advances, particularly 

in the use of vibration signals for condition monitoring and bearing health assessment. A wide range 

of techniques has been developed to extract informative features from vibration signals, including 

time-domain, frequency-domain, and spectral analyses, as well as Autoregressive (AR) models. More 

recently, Machine Learning (ML) and Deep Learning (DL), especially Convolutional Neural 

Networks (CNNs), together with fusion strategies and advanced signal encoding methods such as 

Gramian Angular Fields (GAF) and Continuous Wavelet Transform (CWT), have further improved 

fault classification capabilities. 

Conventional vibration-based approaches typically rely on time-domain features such as RMS, 

variance, and kurtosis, and frequency-domain spectral attributes [29].  Time-domain features have 

proven effective for early fault detection, but real-world signals often exhibit strong non-stationarity, 

making consistent feature extraction challenging [41]. Moreover, identifying informative features can 

be labor-intensive and sometimes infeasible, particularly in the case of complex machinery or rare 

fault types [42]. To improve fault characterization under noisy conditions, Lai et al. (2025) proposed 

a diagnosis method for rolling bearings that combines spectral kurtosis analysis and Hilbert envelope 

demodulation, integrated with Least-Squares Support Vector Machines (LS-SVM), demonstrating 

robust performance in challenging environments [3]. AR models have also been explored for spectral 

feature extraction [7,43,44]. In response to these challenges, statistical feature selection techniques 

have been employed to isolate the most discriminative indicators for classification. For example, 
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independent t-tests have identified kurtosis, skewness, and maximum value as key features [6], while 

one-way ANOVA has been used to rank feature significance [7].   

ML advancements have significantly improved fault classification performance. A variety of 

algorithms has been applied, including Support Vector Machines (SVM), Multilayer Neural 

Networks (MNN), Random Forest (RF) [6], Least-Squares Support Vector Machine (LS-SVM) [3], as 

well as CubicSVM and WNN [7]. Building on these developments, Deep Learning (DL), particularly 

CNNs, has demonstrated strong potential in fault diagnosis. When the extracted features fail to 

capture fault-relevant patterns, DL models may misclassify subtle faults or background noise, 

compromising classification accuracy [39].  To address this, Transfer Learning (TL) using pre-trained 

CNNs has been widely adopted. Some studies fine-tune shallow layers while reusing deeper layers 

from large-scale datasets [13]. Notably, AlexNet [13,16] and ResNet [14,15] have shown strong 

performance in vibration-based diagnostics. AlexNet, due to its simplicity and lower computational 

cost, suits lightweight classification tasks [45], while ResNet, with its deeper architecture and residual 

connections, provides more powerful feature extraction but requires higher computational resources 

[46,47]. CNNs have been implemented in both 1D and 2D architectures, depending on the data 

representation. 1D CNNs are typically trained on raw vibration signals, whereas 2D CNNs are 

applied to signal encodings such as CWT images [9–11] or thermal images [1]. One notable 1D 

approach is the One-Dimensional Ternary Pattern (1D-TP) method, which extracts statistical features 

across time and frequency domains and achieves strong diagnostic performance when used with 

classifiers like RF, k-NN, SVM, BayesNet, and ANN [48].  

Signal encoding techniques such as GAF, including GASF and GADF, and CWT have shown 

great potential for feature extraction. GAF has achieved high precision in fault classification [11] and 

has been found to be more discriminative than CWT in low signal-to-noise conditions [1]. Its 

effectiveness in bearing diagnostics has been validated [22], while CWT has been further improved 

through multiscale feature fusion and channel attention mechanisms [23]. Recent work has combined 

GASF with CWT for fault detection in wind turbine gearboxes [24] , and in 2025, combining GASF 

and GADF as input images significantly improved diagnostic accuracy [25]. Nonetheless, GADF 

remains underutilized compared to more established methods like CWT—particularly in load-

dependent subclassification—indicating potential for further exploration of 2D signal encoding for 

vibration signal analysis. 

A key challenge in fault diagnosis is identifying which sensor signals or data modalities provide 

the most relevant information for accurate pattern recognition. In multi-sensor systems, suboptimal 

input selection can hinder classification performance. To address this, recent studies have focused on 

multi-sensor data fusion, which combines complementary information from different sources to 

improve diagnostic accuracy and reduce reliance on manual sensor selection [17]. Multi-domain 

fusion and advanced deep learning models have also been explored to further enhance accuracy [39]. 

Common fusion strategies include sensor-level [17,19,20], feature-level [1,8,21,25,49], and decision-

level fusion [50–52]. These strategies reduce dependence on any single sensor or representation and 

provide a more comprehensive view of system health. Closely related to decision-level fusion is 

ensemble learning, which aggregates outputs from multiple classifiers to improve robustness, 

typically using the same input representation [53]. 

In 2025, a study further highlighted the importance of operating load in fault analysis by 

introducing a model bank-based approach in which independent classifiers are trained for each load 

condition, improving accuracy and efficiency compared with a single global model [6]. Despite such 

advances, most existing work still focuses on binary or generic multi-class classification and does not 

address load-dependent fault subclass separation, which is essential for practical fault classification. 

To the best of the authors’ knowledge, no load-dependent fault classification framework that extracts 

features independently from multiple data representations within a single source has yet combined 

statistical, time–frequency, and 2D signal encodings within a unified decision-fusion architecture 

explicitly aligned with the CLAF approach for fault severity classification under varying loads. 

Although GADF and GASF have shown strong potential, they remain underutilized in vibration-
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based diagnostic systems, and decision-fusion strategies that combine classical ML models with pre-

trained CNNs, conditioned on load-dependent severity levels, are still underexplored in the current 

literature. 

3. Proposed Framework  

This section outlines the systematic approach of the proposed Load-Dependent Multimodal 

Vibration Signal Enhancement and Fusion Framework (LD-MVSEFF) for Load-Specific Condition 

Monitoring, building upon the CLAF load-dependent fault subclasses introduced in [7]. The 

proposed framework was applied to the MFPT-bearing dataset. It involves the independent 

extraction of from different data representations within this single data source, implemented across 

three separate feature extraction channels. Features extracted from each channel are then directed to 

their respective classification modules, where individual classification decisions are made. 

Subsequently, a fusion module consolidates these individual decisions into a unified classification 

result. The processing for the proposed methodology was conducted using MATLAB R2023a 

software. This section provides an overview of the methodology framework and details the data 

used.   

3.1. Methodology  

The proposed LD-MVSEFF incorporates multiple data channels and decision fusion approaches, 

complemented by the CLAF for creating load-dependent fault subclasses. Various data sources are 

integrated, including Gradient Angular Difference Field (GADF) images, Continuous Wavelet 

Transform (CWT) images, and features from the time and frequency domains. These inputs enhance 

the efficacy of condition monitoring by leveraging complementary patterns across different 

modalities for improved fault classification. The outputs from multiple classifiers are consolidated 

using decision fusion techniques, ensuring robust and accurate classification. The methodology 

includes six detailed steps, as presented in Figure 1. 

1.  Data Preprocessing with CLAF: 

In this stage, the MFPT bearing vibration signals are segmented and prepared using the 

Customized Load Adaptive Framework (CLAF). The raw vibration data are first divided according 

to fault conditions—Normal (fault-free) or Healthy, Inner Race Fault (IRF), and Outer Race Fault 

(ORF)—and further organized based on load factors. This process enables the formation of load-

dependent fault subclasses corresponding to different operating conditions. The structured 

segmentation ensures that the data are consistently prepared for subsequent feature extraction, graph 

construction, and classification. 

2.  Multichannel Input Preparations: 

In this stage, the first phase establishes three distinct data channels for comprehensive analysis. 

In Channel 1, raw vibration signals are processed. Channel 2 generates two-dimensional (2D) CWT 

images from these signals, and Channel 3 produces 2D encoded GADF images. After splitting, the 

raw vibration signals are encoded into equivalent image formats: 

• Channel 1: Raw vibration signal. 

• Channel 2: The class-specific raw vibration signals are encoded into CWT images using the 

Amor technique. 

• Channel 3: The class-specific raw vibration signals are encoded into 2D GADF images. 

• Applying the CLAF to create load-dependent fault subclasses— Normal (fault-free) or 

Healthy, Mild, Moderate, and Severe—tailored to specific datasets, forming the foundation 

for subsequent analysis. 

3.  Feature Extraction and Classifier Selection for Channel 1 (Raw Vibration Signal): 

For Channel 1, time- and frequency-domain (TFD) features, including spectral features derived 

from AR modelling, are extracted from the raw vibration signals. Feature relevance is assessed using 

one-way Analysis of Variance (ANOVA), and an optimal feature subset is selected. To address class 

imbalance, oversampling is applied to ensure that all fault subclasses contain an equal number of 
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samples. The selected TFD features are then aligned with their corresponding CWT and GADF 

representations to maintain consistency across channels. 

4.  Channels Classification Approaches and Training Methods: 

Training and Selection of Classifiers for TFD features, including spectral features using 

Autoregression (Channel 1) and CNN Architectures for Channels 2 and 3 (CWT and GADF images):  

• For Channel 1 (TFD features, including spectral features using Autoregression), classifiers 

such as Cubic Support Vector Machine (CubicSVM) and Wide Neural Network (WNN) are 

trained on the extracted features. The best-performing model is selected for further 

analysis. 

• For Channels 2 and 3 (CWT and GADF images), pre-trained Convolutional Neural 

Networks (CNNs), such as AlexNet and ResNet-18, originally trained on the ImageNet 

dataset, are fine-tuned on the 2D encoded images. The final fully connected layer of each 

network is replaced with a new layer containing four output neurons, where each neuron 

corresponds to one of the four CLAF load-dependent subclasses: Normal (fault-free) or 

Healthy, Mild, Moderate, and Severe. The images, including CWT spectrograms and 2D 

GADF-encoded images, are resized to match the input dimensions of the CNN 

architectures: 227 x 227 x 3 for AlexNet and 224 x 224 x 3 for ResNet-18. 

5.  Single Channel Performance Analysis: 

The classification performance of each channel is evaluated independently in terms of its ability 

to distinguish between CLAF load-dependent subclasses. For each channel, the classifier achieving 

the highest overall accuracy is selected for use in the subsequent fusion stage. This step provides 

insight into the strengths and limitations of individual signal representations.  

6.  Weighted Decision Fusion:  

In the final stage, decision-level fusion is applied to combine the outputs of the selected 

classifiers. Two weighting strategies are investigated: (a) adaptive weighting, where classifier 

weights are assigned based on class-specific performance, and (b) equal weighting, where all 

channels contribute equally. Both two-channel and three-channel fusion configurations are evaluated 

to identify the most effective combination for improving classification accuracy and robustness. 
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Figure 1. The proposed Load-Dependent Multimodal Vibration Signal Enhancement and Fusion Framework 

(LD-MVSEFF). 

3.2. Dataset  

This study is divided into two phases, focusing on the radial impacts of loads under various 

operational conditions using the Machinery Fault Prevention Technology (MFPT) Bearings Dataset. 

The setup included a test rig with a NICE bearing featuring a roller diameter of 5.969 mm (0.235 

inches), a pitch diameter of 31.623 mm (1.245 inches), and eight rolling elements at a contact angle of 

zero degrees. Vibration data were collected under varying loads to simulate bearings with and 

without faults for detailed analysis. Normal (fault-free) or Healthy data were gathered under a load 

of 27.5 kg (approximately 60.6 lbs), with a sampling frequency of 97,656 Hz over 6 seconds. 

Additionally, fault signals from Inner Race Defect (IRD) or Inner Race Fault (IRF) and Outer Race 

Defect (ORD) or Outer Race Fault (ORF), shown in Figure 2 were recorded under six load conditions: 

22.7 kg (50 lbs), 45.4 kg (100 lbs), 68.1 kg (150 lbs), 90.8 kg (200 lbs), 113.5 kg (250 lbs), and 136.2 kg 

(300 lbs), while maintaining a constant speed of 25 Hz. This dataset serves as a standardized 

benchmark, providing essential information such as radial load, shaft speed, and signal 

characteristics while maintaining a consistent shaft speed of 1500 rpm (25 Hz) [54]. 
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(a) (b) 

Figure 2. Computer-aided drawings of defects made on (a) ORF; (b) IRF [55]. 

4. Results and Discussion  

This section presents a comprehensive analysis and interpretation of the outcomes obtained 

from the experimental study. The focal point of the analysis revolves around the performance 

evaluation of various fusion techniques utilized for the classification of CLAF load-dependent fault 

subclasses. These techniques encompass diverse feature representations and models. The 

overarching goal of the current study is to discern effective strategies for enhancing the accuracy of 

CLAF load-dependent fault subclasses prediction, thereby improving the reliability and robustness 

of machinery fault classification. Steps 3 and 4 show the three approaches used in the single channel, 

starting with TFD extraction features on the original vibration signal, then with pre-trained CNNs 

(AlexNet and Residual Network-18 (ResNet-18)) on encoded vibration signals into two forms: CWT 

vibration-encoded images and GADF vibration-encoded images.  

4.1. Data Preparation  

This section presents the preprocessing conducted on the MFPT-bearings dataset, detailing 

dividing the data according to load variations. This division is critical for applying the CLAF, 

designed to identify patterns dependent on load, diverging from the conventional fault classification 

methods used in IM bearings. The dataset has been systematically split following the CLAF approach, 

which marks a significant departure from traditional fault classification by factoring in load 

fluctuations and adapting the dataset for specialized analysis, as indicated in [7]. The research 

compares six load values—22.7 kg (50 lbs), 45.4 kg (100 lbs), 68.1 kg (150 lbs), 90.8 kg (200 lbs), 113.5 

kg (250 lbs), and 136.2 kg (300 lbs)—against a Normal (fault-free) or Healthy condition set at 122.5 kg 

(270 lbs). This results in 13 categories: six for each Inner Race Fault (IRF) and Outer Race Fault (ORF) 

under varying loads and one for the Normal (fault-free) or Healthy condition of the data for further 

analysis, such as fault detection or machine learning applications. 

4.2. Multichannel Input Preparations  

This section outlines the creation of three distinct data channels from the raw vibration signal 

for analysis. Channel 1 contains the raw segmented vibration signals, Channel 2 encodes the signals 

into CWT images, and Channel 3 encodes them into GADF images. The dataset was analyzed using 

the CLAF, focusing on load-dependent subclasses: Normal (fault-free) or Healthy, Mild, Moderate, 

and Severe. 

To ensure consistency and fairness in classifier performance evaluation, the datasets for 

Channels 1, 2, and 3—derived from the same pool of 813 subfiles—were divided in a uniform manner. 

Figure 3 shows the structure of the MATLAB datastore. In this datastore, the Index column, as shown 

in the attached image, represents the unique subfolder name used to encode both the CWT images 

(stored in ImagePath_cwt) and the GADF images (stored in ImagePath_GADF). This ensures that the 

files corresponding to each load condition (e.g., IRF_50) are consistently linked across all three 

channels 
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Figure 3. Datastore structure linking raw vibration signals with CWT and GADF images. 

As shown in Table 1, this uniform approach is critical for a thorough and unbiased evaluation 

across all three channels. It ensures that the performance of the CNN models, which are trained on 

various types of encoded image data such as CWT and GADF in Channels 2 and 3, and tabular 

features extracted for each segment in Channel 1, is evaluated under similar conditions. 

Table 1. Multichannel input preparations. 

Subfiles Channel 1 

Tabular features 

extracted from the 

raw vibration signal  

Channel 2 

CWT  

2D encoded image 

Channel 3 

GADF 

2D encoded 

image 

CLAF 

Load-

dependent 

fault 

subclasses 

 
The time and 

frequency  

domain features. 

  

Normal 

(fault-free) 

or Healthy 

condition. 

4.2.1. Channel 1: Raw Tabular Vibration Signal 

For Channels 2 and 3, the dimensions of each encoded vibration image are set to 227×227×3 and 

224×224×3, respectively. These size specifications align with the input requirements of the AlexNet 

and ResNet-18 architectures, respectively. Figure 4 visually displays the connection between each 

channel and outlines the process of creating each channel, starting with the raw vibration signal. For 

Channel 1, Time and Frequency Domain (TFD) features, including spectral features using 

Autoregression (AR), are extracted from the segmented vibration signal and used as the input in the 

proposed methodology. The extracted features are detailed in Section 4.3, as shown in Table 2. 

 

Figure 4. Input channels general overview. 
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Table 2. One-way ANOVA ranking including spectral features extracted by Autoregressive (AR) Model. 

4.2.2. Channel 2: Continuous Wavelet Transform 

Converting vibration signals to scalogram images in MATLAB involves several systematic steps. 

The dataset comprises Normal (fault-free) or Healthy condition and IRF and ORF types and is first 

partitioned based on distinct LF conditions. Each signal subset is then processed through a Wavelet 

Transform (WT) using the CWT method with the ‘Amor’ wavelet. The transformed signals are 

converted into scalogram images by taking the absolute values of the CWT coefficients, flipping and 

scaling them. These images are then colour-mapped using the ‘jet’ colour map and resized to a 

uniform size of 224x224 pixels for consistency. The images of some of the generated samples are 

presented in Figure 5. 

Each processed signal subset and its corresponding scalogram image are saved as an image file 

and a CSV file, categorically organised in folders named after the ensemble types and indices. This 

meticulous process is repeated for each subset of the signal, ensuring that every part of the signal is 

represented as a distinct image. This approach visualises the time-frequency information of vibration 

signals and prepares the data for further analysis, such as fault detection or ML applications.Top of 

Form 

 

Figure 5. CWT 2D encoded image examples showing the Normal (fault-free) or Healthy condition, and the faults 

IRF and ORF. 

Feature Rank One-way ANOVA 

Score 

Feature Rank One-way ANOVA 

Score 

1. Mean 316.44 13. PeakAmplitude 5 84.33 

2. ShapeFactor 288.42 14. Skewness 73.13 

3. PeakValue 245.43 15. PeakAmplitude 2 70.50 

4. RMS 240.93 16. PeakFreq1 69.14 

5. Std 240.27 17. SINAD 58.72 

6. ClearanceFactor 235.23 18. SNR 58.61 

7. ImpulseFactor 225.26 19. PeakAmplitude 4 51.39 

8. Kurtosis 211.94 20. PeakAmplitude 3 38.77 

9. CrestFactor 198.26 21. PeakFreq4 25.18 

10. PeakAmplitude 161.22 22. PeakFreq2 17.64 

11. BandPower 126.85 23. PeakFreq5 13.9307 

12. PeakFrequency 3 116.80 24. THD 0 
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4.2.3. Channel 3: Gramian Angular Difference Field (GADF) 

Creating GADF images from vibration signals involves several key steps. Initially, the time 

series signal is segmented into smaller subsets. For each subset, a Gramian matrix is computed using 

the GADF algorithm, which involves calculating the pairwise dot product of the signal and then 

manipulating the resulting sine and cosine matrices. The Gramian matrix is then transformed into a 

GADF image. This transformation includes scaling the matrix values to a range between 0 and 1, 

inverting this scaled matrix and resizing the image to a specified size. This process is iteratively 

applied to the entire signal, converting each segment into a GADF image representing the underlying 

time series data. This method offers an alternative way to analyse and interpret vibration signals, 

facilitating more profound insights into their characteristics. GADF encoding produces distinct 

patterns for various health conditions, which need further analysis to validate their ability to 

differentiate between health conditions, as illustrated in Figure 6. 

 

Figure 6. GADF 2D encoded image examples showing the Normal (fault-free) or Healthy condition, and the 

faults IRF and ORF. 

4.3. Feature Extraction and Classifier Selection for Channel 1 (Raw Vibration Signal) 

This section conducts a one-way ANOVA test to rank the extracted general TFD features. 

Additionally, spectral features are extracted using an AR model of order 15 and a maximum of 5 

peaks, creating 24 features. The selection of features for data representation plays a crucial role in the 

model's performance. Choosing the most relevant features is essential to ensure the model effectively 

captures the critical information related to the fault. On the other hand, including irrelevant features 

can sometimes result in overfitting or decreased performance [56]. One-way ANOVA feature 

selection involves comparing the means of each feature across different target classes to determine if 

there is a statistically significant difference. Features are ranked based on their p-values from the 

ANOVA test; the lower the p-value, the more likely the feature is to be influential in distinguishing 

between classes. These p-values are often transformed into scores by taking the negative logarithm, 

with higher scores indicating more significant features for classification. In Table 2, the first column 

represents the extracted features, and the second column represents the one-way ANOVA scores, 

ranked from highest to lowest significance. Features that scored less than 26 (Peak frequency 4, Peak 
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frequency 2, Peak frequency 5, and Total Harmonic Distortion (THD) were not included in the current 

study due to their low scores, which could lead to confused training. 

A critical analysis of classifier performance, based on the top 20 feature sets ranked by the one-

way ANOVA score, provides diverse insights, as presented in Table 2. Various classifiers, including 

Support Vector Machines (SVMs), Neural Networks (NN), and Ensembles, were employed using 

MATLAB 2023a [57]. The efficacy of SVM hinges on how effectively the input data are represented 

in this new space, a determination often made through the utilisation of diverse kernels like Linear, 

Polynomial (including quadratic and cubic), Gaussian, and others [58]. The CubicSVM is a classifier 

that falls under the umbrella of supervised learning. SVMs are effective for high-dimensional data 

and are versatile in handling various structured datasets. Hence, they are widely used for 

classification and regression tasks [57]. 

The objective was to identify the classifier with the highest accuracy, making it a strong 

candidate for the proposed LD-MVSEFF load-dependent fault classification framework. The training 

dataset, comprising 813 subfolders, was divided as follows: 60.00% for training, 20.00% for validation, 

and 20.00% for testing. Five-fold cross-validation was implemented to ensure a robust performance 

assessment (see Table 3), divided by the load-dependent fault subclasses.  

The Ensemble: The Boosted Trees classifier recorded a notable 94.40% accuracy, demonstrating 

its ability to effectively harness a larger feature set. Reducing the feature set to the top 17 had a 

minimal effect on accuracy, which consistently remained above 90.00%, demonstrating the classifiers’ 

robustness and efficiency with a minor feature set. A further reduction in the feature set to the top 10, 

7, and 5 revealed a nuanced interplay between feature count and accuracy. The WNN, using the top 

10 features, outperformed its counterparts with a peak accuracy of 92.02%, suggesting its superior 

capability in working with a more compact yet pertinent feature set. 

Classifier performance exhibited considerable variation in the Mild class, with the following 

Ensemble: Boosted Trees classifier’s accuracy ranging from 89.20% with the top 17 features to 95.40% 

with the top 20 features. The CubicSVM classifier recorded the lowest accuracy in the Moderate class, 

scoring 85.70% and 91.40% with the top 7 and 5 feature subsets, respectively. In contrast, WNN 

achieved 91.40% with the top 10 feature subset. Remarkably, the Normal (fault-free) or Healthy 

condition class maintained a stable 100% accuracy across all classifiers and feature subsets, 

underscoring the classifiers’ consistent ability to identify Normal (fault-free) or Healthy condition 

accurately. This consistency indicates a shared strength among the classifiers. At the same time, the 

variability in the load-dependent fault subclasses (Mild and Moderate classes) underscores the 

critical importance of appropriate feature subset selection for optimal classifier performance. 

In a direct comparison, the accuracy of the CubicSVM and the WNN was closely matched. 

However, the selection of the top 10 features by one-way ANOVA demonstrated a well-calibrated 

compromise between training feature quantity and test dataset accuracy. The CubicSVM and WNN 

achieved 94.60% and 93.40% overall testing accuracies, respectively. Breaking this down further, the 

CubicSVM recorded 92.50% in the Mild class, 85.70% in the Moderate class, and 100% in the Severe 

class. Meanwhile, the WNN scored 90.3% in the Mild, 91.40% in the Moderate, and 91.70% in the 

Severe class. Notably, the CubicSVM outperformed the WNN in the Severe class by 8.30% and the 

Mild class by 2.20%. Conversely, the WNN outperformed the CubicSVM in the Moderate class by 

5.70%. As a result, these two classifiers were selected as the top performers for Channel 1. CubicSVM 

is designated as Channel 1a, while WNN is designated as Channel 1b. 

  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 January 2026 doi:10.20944/preprints202601.0897.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202601.0897.v1
http://creativecommons.org/licenses/by/4.0/


 14 of 22 

 

Table 3. Classifier performance on Channel 1 across distinct feature sets ranked by One-Way ANOVA feature 

significance. 

Classifier ANOVA  

ranking  

TTime1 
 

Testing Dataset 

(s) VA2 NA3 MA4  MoA5 SA 6 Overall 

 

Accuracy 

Ensemble:Boosted 

Trees 

Top 20 

>26 

114.4 94.50% 100% 95.40% 88.50% 93.50% 94.40% 

Ensemble: Boosted 

Trees 

Top 17 

>58.6  

16.8 95.10% 100% 89.20% 85.70% 91.70% 91.70% 

Cubic SVM Top 10 (a) 

>161 

5.9 94.30% 100% 92.50% 85.70% 100% 94.60% 

WNN Top 10 (b) 

>161  

15.7 92.20% 100% 90.30% 91.40% 91.70% 93.40% 

Cubic SVM Top 7 

>215 

7.1 93.20% 100% 90.30% 85.70% 100% 94.00% 

Cubic SVM Top 5 

>240 

9.4 93.70% 100% 90.30% 85.70% 100% 94.00% 

1 TTime is the Training Time, 2 VA is the Validation Accuracy, 3 NA is the Normal (fault-free) or 

Healthy condition Accuracy, 4 MA is the Mild state Accuracy, 5 MoA is the Moderate state Accuracy, 

6 SA is the Severe state Accuracy. 

4.4. Channels Classification Approaches and Training Methods 

To evaluate classification performance across the CLAF load-dependent fault subclasses: 

‘'Normal (fault-free) or Healthy condition,’ ‘Mild,’ ‘Moderate,’ and ‘Severe.’ The dataset was balanced 

and uniformly split into training (60%), validation (20%), and testing (20%) sets using a fixed random 

seed to ensure reproducibility. All channels were derived from the same pool of vibration signal 

segments to enable fair and consistent performance comparison. 

4.4.1. Channel 1: CubicSVM and WNN  

As shown in Table 4, CubicSVM achieved a higher overall accuracy (96.28%) than WNN 

(94.95%), while also requiring substantially less training time (26.71 s compared to 48.63 s). In 

addition, CubicSVM demonstrated improved performance in the Mild and Moderate fault 

subclasses, and was therefore selected for Channel 1. 

Table 4. Channel 1 classifiers training. 

Classifier 

TTime 1  Test Dataset 

(s) VA2 NA3 MA4 MoA5 SA 6 
Overall  

Accuracy 

a. CubicSVM 26.71 96.80% 100% 89.36% 95.74% 100% 96.28% 

b. WNN 48.63 96.70% 100% 95.74% 84.04% 100% 94.95% 

1 TTime is the Training Time, 2 VA is Validation Accuracy, 3 NA is the Normal (fault-free) or Healthy 

condition Accuracy, 4MA is the Mild state Accuracy, 5 MoA is the Moderate state Accuracy, 6 SA is 

the Severe state Accuracy. 

4.4.2. Channels 2 and 3: Pre-trained CNN Selection 
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For Channels 2 and 3, transfer learning was applied using pre-trained AlexNet and ResNet-18 

architectures to classify vibration signals encoded as Continuous Wavelet Transform (CWT) and 

Gramian Angular Difference Field (GADF) images, respectively. Both networks were fine-tuned to 

classify the four CLAF load-dependent fault subclasses: ‘'Normal (fault-free) or Healthy condition,’ 

‘Mild,’ ‘Moderate,’ and ‘Severe.’ The comparative performance of the CNN models for both channels 

is summarised in Table 5. 

For Channel 2 (CWT images), ResNet-18 achieved a slightly higher overall accuracy (98.94%) 

compared to AlexNet (98.40%); however, AlexNet required substantially less training time (7.20 min 

versus 17.35 min). Given the marginal accuracy difference and the significantly lower computational 

cost, AlexNet was selected for Channel 2. 

For Channel 3 (GADF images), AlexNet outperformed ResNet-18 in overall test accuracy 

(98.67% versus 95.21%) and demonstrated improved class-wise performance, particularly in the Mild 

(96.81% versus 89.36%) and Moderate (97.87% versus 92.55%) subclasses. In addition, AlexNet 

reduced training time from 18.50 min to 7.53 min. Based on both accuracy and efficiency 

considerations, AlexNet was selected as the preferred model for Channel 3. 

Table 5. Pretrained CNNs performance on Channel 2 (CWT signal encoded images) and Channel 3 (GADF signal 

encoded images). 

1 TTime is the Training Time, 2 VA is the Validation Accuracy, 3 NA is the Normal (fault-free) or Healthy 

condition Accuracy, 4 MA is the Mild state Accuracy, 5 MoA is the Moderate state Accuracy, 6 SA is the 

Severe state Accuracy. 

4.5. Single-Channel Performance Analysis 

Figure 7 presents the load-dependent subclass accuracy assessment for each channel. All 

classifiers performed well for the Normal (fault-free) or Healthy and Severe condition classes, with 

each achieving 100% accuracy. This high performance, while expected for these extreme conditions 

where the patterns are more distinct and more straightforward to differentiate, could be attributed to 

the more apparent fault or non-fault signals in the data. The clear distinction between the Healthy 

and Severe conditions allowed the classifiers to identify them without error consistently. 

In the Mild condition class, Channel 2, using CWT (AlexNet), showed the best performance with 

an accuracy of 96.81%, followed closely by Channel 3 (GADF with AlexNet) at 95.74%. However, 

Channels 1a and 1b, which utilise CubicSVM and WNN classifiers, struggled more in detecting Mild 

conditions, with accuracies of 89.36% and 84.04%, respectively. This suggests that the Mild class 

presents more challenges for accurate classification, likely due to the less distinct signal patterns 

associated with early or mild faults. 

While performance remained strong for the Moderate condition class, there were noticeable 

differences between the channels. Channel 3 (GADF with AlexNet) showed the highest accuracy at 

97.87%, followed by Channel 2 (CWT with AlexNet) at 96.81% and Channel 1b (WNN) at 95.74%. 

Channel 1a (CubicSVM) exhibited the lowest performance in this category, with an accuracy of 

Channel  Pre-trained 

CNN 

TTime 1  Testing Dataset  

 (min) VA 2 NA 3 MA 4  
MoA5 SA 6 Overall 

Accuracy 

Channel 2 1. ResNet-

18 

17.35 97.55% 100% 95.74% 100% 100% 98.94% 

2.AlexNet 7.20 97.28% 100% 96.81% 96.81% 100% 98.40% 

Channel 3 1. ResNet-

18 

18.5 96.47% 100% 89.36% 92.55% 98.94% 95.21%  

2.AlexNet 7.53 96.47% 100% 96.81% 97.87% 100% 98.67% 
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84.04%. This indicates that Moderate conditions are more difficult to classify than extremes as the 

signal patterns become less clear. 

 

Figure 7. CLAF load-dependent fault subclass accuracy assessment per channel using different approaches. 

4.6. Decision Fusion 

4.6.1. Weighted Decision Fusion Approach (Alternatives Setting) 

This section investigates two weighted decision-fusion schemes across three alternatives, each 

using a different combination of channels within the LD-MVSEFF. In all cases, the weights assigned 

to the channels for a given CLAF load-dependent fault subclass (Healthy, Mild, Moderate, Severe) 

sum to 1, ensuring a balanced contribution in the final decision. 

Weighting System 1 (adaptive weighting) assigns channel weights according to the classification 

accuracy achieved for each fault subclass and load condition. Channels that perform better for a given 

subclass receive higher weights, allowing the fusion mechanism to emphasize the most reliable 

sources of information in a load- and severity-dependent manner. Weighting System 2 (equal 

weighting) assigns the same weight to all channels for all subclasses, providing a baseline in which 

no classifier dominates the decision process. The decision-fusion weights are guided by per-channel 

accuracy for each CLAF subclass, as shown in Figure 7. Here, TFDa denotes the CubicSVM classifier 

trained on the top 10 TFD features, and TFDb denotes the WNN trained on the same feature set; the 

corresponding alternatives and weighting schemes are summarized in Table 6.  

• For Alternative 1, the fusion combines Channel 1b (TFD features with WNN) and Channel 2 

(CWT–AlexNet). Under Weighting System 1, Channel 1b receives higher weights for the 

Healthy and Severe subclasses, where it achieves perfect accuracy, while Channel 2 is 

emphasized for Mild and Moderate subclasses, where it outperforms Channel 1b. Under 

Weighting System 2, both channels receive equal weights across all subclasses. 

• Alternative 2 fuses Channel 1a (TFD features with CubicSVM) with Channel 2 (CWT–AlexNet). 

In Weighting System 1, Channel 1a is favored for Healthy and Severe subclasses due to its 

perfect accuracy, whereas Channel 2 receives higher weights in Mild and Moderate subclasses, 

where it attains superior performance. Under Weighting System 2, both channels contribute 

equally for all subclasses. 

• Alternative 3 extends the fusion to three channels: Channel 1a (TFD–CubicSVM), Channel 2 

(CWT–AlexNet), and Channel 3 (GADF–AlexNet). With Weighting System 1, Channel 1a is 

down-weighted for Mild and Moderate subclasses, where its accuracy is lower, while Channels 

2 and 3 receive higher weights reflecting their stronger performance. For Healthy and Severe 

subclasses, all three channels achieve perfect accuracy and are therefore assigned equal weights. 

Under Weighting System 2, all three channels receive equal weights for every subclass. 

Table 6. Alternatives setting and decision fusion weighting system. 
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Channe

l 

No. 

Input  Classifier  Weighting 

System 1 

Weighting System 2 

Health

y  

MA
2 

MoA
3 

SA4 Health

y 

M

A 

Mo

A  

SA 

Alternative No. 1.1 (TFDb -CWT)  1.2 (TFDb-CWT) 

A
lt

er
n

at
iv

e 

1 

1

b 

TFD 1   WNN 0.5 0.4 0.3 0.5 0.5 0.5 0.5 0.5 

2 CWT  AlexNet 0.5  0.6 0.7 0.5 0.5 0.5 0.5 0.5 

Alternative No. 2.1 (TFDa -CWT)  2.2 (TFDa -

CWT) 

A
lt

er
n

at
iv

e 
2 1a TFD 

  

CubicSV

M  

0.5 0.3 0.4 0.5 0.5 0.5 0.5 0.5 

2 CWT  AlexNet 0.5 0.7 0.6 0.5 0.5 0.5 0.5 0.5 

Alternative No.   3.1 ( TFDa -CWT-GADF) 3.2 (TFDa -CWT-GADF) 

A
lt

er
n

at
iv

e 
3 

1a TFD   CubicSV

M  

0.33 0.2 0.2 0.3

3 

0.33 0.3

3 

0.33 0.3

3 

2 CWT  AlexNet 0.33 0.4 0.4 0.3

3 

0.33 0.3

3 

0.33 0.3

3 

3 GAD

F  

AlexNet 0.33 0.4 0.4 0.3

3 

0.33 0.3

3 

0.33 0.3

3 
1 TFD is the Time and Frequency Domain extracted features, 2 MA is the Mild 

state Accuracy,3 MoA is the Moderate state Accuracy, 4 SA is the Severe state 

Accuracy. 

4.6.2. Choosing The Highest-Performing Weighted Decision Fusion Approach  

To ensure robustness and reproducibility, each fusion alternative (Alternatives 1–3) was 

evaluated over five independent runs using different random seeds, with regenerated training, 

validation, and testing splits for each run. All reported results therefore correspond to mean test 

accuracy with the associated standard deviation. 

Across all alternatives, classification performance was consistently high for the Normal (fault-

free) or Healthy and Severe subclasses. However, differences were more pronounced for the Mild 

and Moderate subclasses, where fault signatures are less distinct. Among the evaluated 

configurations, Alternative 3.1, which corresponds to the three-channel fusion (TFDa–CWT–GADF) 

under Adaptive Weighting, delivered the most balanced and reliable performance. This 

configuration achieved an overall accuracy of 99.04% ± 0.22%, with strong subclass performance in 

the Mild (97.20% ± 1.75%) and Moderate (99.15% ± 0.89%) classes, while maintaining an average 

training time of 18 min 30 s. Table 7 summarises the overall test accuracy across the five runs for all 

decision-fusion alternatives. 

Based on these results, Alternative 3.1 (TFDa–CWT–GADF) was selected as the final decision 

fusion configuration and forms the basis of the proposed LD-MVSEFF. 

Table 7. Decision fusion overall test accuracy over the 5 runs. 

Alternatives 1 2 3 4 5 Avg. 

1.1 (TFDb -CWT) 98.67% 98.94% 98.94% 98.67% 99.07% 98.86% 

1.2 (TFDb-CWT) 98.94% 97.08% 98.67% 98.67% 98.67% 98.40% 

2.1 (TFDa -CWT) 98.40% 98.67% 96.54% 98.67% 98.54% 98.16% 
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2.2 (TFDa -CWT) 98.67% 98.94% 97.07% 98.67% 98.94% 98.46% 

3.1 (TFDa -CWT-GADF) 98.67% 98.94% 99.47% 98.94% 99.20% 99.04% 

3.2 (TFDa - CWT - GADF) 98.40% 97.51% 98.94% 98.94% 99.20% 98.60% 

5. Conclusion 

This paper introduced the novel Load-Dependent Multimodal Vibration Signal Enhancement 

and Fusion Framework (LD-MVSEFF), designed for dealing with load-dependent fault classification 

using the MFPT bearing dataset. The LD-MVSEFF incorporates load-dependent fault subclasses 

derived from the CLAF, shifting the focus from traditional fault classification to a load-specific 

approach. It integrates three distinct channels for analysis: Channel 1 extracts TFD features, including 

spectral features using Autoregression; Channel 2 converts vibration signals into CWT images; and 

Channel 3 encodes the signals into GADF 2D images. 

Each channel was trained over five separate runs, and the best-performing classifiers were 

selected based on their accuracy in classifying four load-dependent fault subclasses: Healthy, Mild, 

Moderate, and Severe. In Channel 1, CubicSVM and WNN classifiers achieved average accuracies of 

96.43% ± 0.76% and 97.50% ± 1.60%, respectively. For Channels 2 and 3, pre-trained AlexNet and 

ResNet-18 models were used, with AlexNet performing the best, achieving accuracies of 97.76% ± 

1.33% on Channel 2 (CWT images) and 95.95% ± 2.05% on Channel 3 (GADF images). 

One of the main challenges observed was the classification of the Mild and Moderate fault 

subclasses, which presented subtler signal variations compared to the Healthy and Severe conditions. 

The proposed LD-MVSEFF addressed these challenges by employing a weighted decision fusion 

approach, where decisions were tailored according to the strengths of each channel for specific fault 

subclass. For instance, Channel 2 (CWT with AlexNet) performed well in classifying the Moderate 

class, while Channel 3 (GADF with AlexNet) showed high accuracy in both the Mild and Moderate 

conditions. By assigning dynamic weights to each classifier based on their strengths, the LD-MVSEFF 

improved the classification of these more challenging subclasses. 

The proposed weighted decision fusion approach demonstrated excellent performance across 

all fault conditions. Alternative approach indicated 3.1 in Table 7 (TFDa - CWT - GADF) achieved the 

highest overall accuracy of 99.04% ± 0.22% across five runs, with an average training time of 18 min 

and 30 s. This approach minimized the limitations of individual classifiers and effectively handled 

load-specific fault classification. Future work will explore advanced graph-based and deep learning 

feature representations to further enhance fault discrimination under varying load conditions. 
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