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Various methodologies based on frequency domain and multivariate statistical 
analysis are employed for the interpretation of vibration data. However, the 
impact of load fluctuation on these diagnostic techniques has not been thoroughly 
delineated. This study investigates the impact of loading variations on vibration 
response and proposes that a combined wavelet and multiway principal 
component analysis (MPCA) methodology can enhance the sensitivity of 
vibration-based anomaly detection techniques for rotating machinery. The 
methodology utilizes multivariate vibration signals acquired from several sensor 
locations and under diverse load situations, resulting in a three-dimensional 
dataset. It is employed to denoise PCA on wavelet-transformed data. The dataset 
is subsequently converted into a two-dimensional matrix using a novel unfolding 
technique, wherein each individual batch recorded under a certain load is 
regarded as an observation for further PCA analysis. This approach facilitates the 
analysis of vibration signals in relation to baseline data obtained from standard 
operational conditions under varying applied loads, therefore differentiating 
load-induced variability from genuine mechanical flaws. Numerous simulation 
studies on bearing defect detection have been conducted to validate the suggested 
methodology.  
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1 Introduction 
 

Compressors and turbines in rotating machinery are vital in process industries. These systems frequently 
incorporate components such as bearings and gearboxes, which are susceptible to mechanical problems. 
These failures result in unanticipated equipment downtime, jeopardize staff safety, and adversely affect the 
company's profitability. The early failure detection of rolling components has been an active study field for 
decades, motivated by the necessity to enhance operational safety and dependability. Condition monitoring, 
particularly vibration analysis, is a very effective diagnostic instrument among contemporary defect detection 
approaches. Single-axis or tri-axial accelerometers are positioned around the bearings to detect vibrations 
resulting from mechanical displacements. Signals are collected in the time domain via data gathering devices, 
thereafter transformed into the frequency or time-frequency domains to identify indicators of failures or 
abnormalities in the bearing components [4]. 

 
2 Literature Review 

 
The conventional procedure involves the installation of many sensors at various axial locations to capture 
distinct axial regions of the machines and a broad spectrum of vibration characteristics. The high- 
dimensional datasets produced need the utilization of multivariate statistical methods to exploit the 
redundancy and richness of the sensor data. Dimensionality reduction techniques are advantageous as    they 
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simplify measurement data from a high-dimensional vector to a lower-dimensional space, facilitating the 
expression and visualization of fault features, hence enhancing monitoring feasibility [28]. 
Subsequently, to achieve successful feature extraction, an improved approach for analyzing multiscale signal 
denoising is employed. A notable technique that has arisen is known as Multiscale Principal Component 
Analysis (MSPCA), initially presented by Bakshi [29]. This document presents the implementation of a novel 
and robust signal processing technique that integrates wavelet transformation with Principal Component 
Analysis (PCA) to extract the most significant features from heavily contaminated signals, resulting in a 
reliable method for fault detection in challenging industrial environments. 
Nonetheless, particularly in recent developments in this field, researchers have used alternative complex 
multivariate methodologies. Žvokelj et al. [33] utilized kernel PCA and empirical mode decomposition for the 
defect identification of large-scale, low-speed bearings. The primary signal components were extracted via 
their methods, and fault identification was accomplished by T² plots derived from the kernel PCA model. 
Similarly, Jack and Nandi [22] employed a hybrid approach combining Support Vector Machines (SVMs)  
and Artificial Neural Networks (ANNs) to identify several flaws, including inner and outer race, cage, and 
rolling components, utilizing vibration data acquired from a controlled test rig. Statistical properties derived 
from moments and cumulants were computed, optimal inputs were identified with a genetic algorithm (GA), 
and a support vector machine (SVM) with a radial basis function (RBF) kernel was employed. In a separate 
research, Lei et al. [25] introduced a clustering-based diagnostic approach that utilized an enhanced Fuzzy C- 
Means (FCM) algorithm after feature selection and weighting processes to assess bearing conditions at 
different fault severities. 
Although these approaches are recognized for their efficacy, they often overlook a crucial element in actual 
fault diagnostic systems: the impact of dynamically fluctuating operational loads. Dynamic industrial 
environments display fluctuations in load, frequently resulting from the stochastic supply of raw materials or 
variations in equipment quality. These adjustments might significantly alter the vibration signature of the 
equipment, resulting in false alarms or concealing actual failures if not appropriately normalized. For 
example, Figure 1 illustrates data from sensors affixed to a natural gas compressor, indicating radial  
vibration as the average plant load decreased from 90% (September–December 2024) to 85% (April– 
September 2023), accompanied by a reduction in displacement amplitude from 17–23 mm to 15 microns. 
Significantly, no mechanical failure contributed to the alterations in [7], [35]. 

 

Fig. 1 Magnitude of vibration of a fertilizer industry natural gas compressor as a function of 
load change 

 
Such discoveries underscore the necessity for diagnostic methods capable of distinguishing between genuine 
mechanical failures and load situations. To achieve this objective, we introduce a comprehensive fault 
identification approach that utilizes the denoising capabilities of MSPCA in conjunction with the batch 
analysis proficiency of Multiway PCA (MPCA) [21]. MPCA, formerly utilized for batch process monitoring, 
enables the analysis of conditions across several operational states of production. The utilization of wavelet- 
filtered features in the MPCA model enhances accuracy in fault detection under fluctuating loads, hence 
minimizing the possibility of misinterpretation due to process fluctuations. 
This document is structured as follows: Section 3 delineates the data preparation techniques employed to 
enhance the quality of vibration signals and facilitate feature extraction. Section 4 provides a more detailed 
description of the proposed technique, including the integration of multiscale and multiway PCA. Section 5 
evaluates the efficacy of the suggested method in detecting bearing defects under varying load situations and 
conducts a comparison study of the created diagnostic methodology against current methodologies utilizing 
simulated data. Section 6 closes the study, highlighting the substantial contributions and consequences of the 
research. 
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3 Data Acquisition and Preprocessing 
 

The acquired vibration signals are quantified in displacement (in microns) and collected using  
accelerometers distributed around the bearings. The vibration analysis technique, encompassing 
transformation into both frequency and temporal domains, is illustrated in Figure 2. 

 

Fig. 2 Vibration analysis in detail [4] 
 

4 Methodology 
 

The suggested methodology comprises two sequential steps. Phase I: The Mixed Sky Helper use MS PCA- 
based MS denoising to filter bright signals, optimizing the matrix rating advantage. This enhances the signal - 
to-noise ratio and preserves essential fault characteristics. The second step employs Multiway Principal 
Component Analysis (MPCA) to address the functional dependencies under dynamic operating conditions, 
including variable loads and RPM. Collectively, these two phases provide robust defect detection in intricate 
environments. Figure 3 presents a schematic illustration of the comprehensive process. 

 

Fig. 3 A schematic representation of the complete methodology 
 

4.1 MSPCA-Based Denoising 
MSPCA integrates the wavelet analysis approach with Principal Component Analysis (PCA). The Multiscale 
Principal Component Analysis (MSPCA) approach was initially introduced by Bakshi in [29], combining the 
benefits of wavelet-based filtering with the dimensionality reduction capabilities of PCA. Wavelet analysis, a 
proficient time-frequency method, is especially beneficial for analyzing non-stationary signals by revealing 
concealed time-frequency components, sometimes referred to as signal fingerprints, inside noisy data [17]. 
The Discrete Wavelet Transform (DWT) is advantageous for vibration signal analysis due to its 
straightforward calculation and its ability to concurrently localize signals in both time and frequency 
domains. 

 
The output signal is downsampled by a factor of two at each level of the wavelet-based filtering procedure 
[29]. This decimation step effectively reduces the dimensionality of the data while preserving critical 
elements of the signal information. This approach is illustrated in Figure 4, derived from [17]. 
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Fig. 4 Wavelet decomposition [19] 

 
Filtering is conducted in the domain of decomposed wavelet coefficients. By selecting preserving the essential 
coefficients at all decomposition levels, the signal is rebuilt using the inverse wavelet transform, therefore 
recovering only significant fault-related features in the denoised signal. 

 
4.2  Multiway PCA (MPCA) 
Multiway Principal Component Analysis (MPCA) is an advanced variant of conventional PCA utilized for the 
analysis of three-dimensional arrays. In condition monitoring, data are often gathered in batches across time, 
during which the system may operate under varying loading circumstances. The approach known as MPCA is 
employed to distinguish inter-batch variation by using patterns, hence rendering the differences among these 
data sets readily interpretable. The baseline sound operating envelope is established using vibration signals 
captured under different load levels in the absence of mechanical problems. This architecture allows for the 
classification of incoming data by comparing each new batch to the previously determined reference, 
facilitating the identification of normal or incorrect behavior (as demonstrated in Figure 5) [21]. The 
vibration signal datasets gathered under various situations may be organized into a three-dimensional 
structured data matrix. 
A data batch corresponding to a certain load state is regarded as a distinct entity inside the MPCA 
framework. The three-dimensional data matrix may be divided into a summation of outer products of score 
vectors and loading matrices, accompanied by a residual matrix. In decomposition, all trends, seasonality, 
and residuals are determined by reducing residuals using a least squares optimization technique, so  
capturing the most significant impacts on the system while eliminating noise and extraneous fluctuations. 

 

Fig. 5 Multiway PCA methodology [21] 
 

This decomposes the data into low-dimensional score spaces to include variation across both variables and 
time. At each time point, these score spaces effectively represent the variability of system behaviors under 
diverse operational settings. Each loading matrix represents the most significant temporal variation of the 
variables in relation to the mean trajectory across all loading situations. Consequently, in addition to 
assessing the extent of each variable's deviation from its mean, MPCA considers the correlations among the 
various variables, providing a comprehensive overview of the system's dynamic behavior [21]. 

 
4.3  Analysis of vibration data with the multiscale-MPCA methodology 
The matrix represents batches of individual vibration signals, each corresponding to measurements from 
sensors positioned around the bearing at a certain axial point. The datasets in these batches may not have 
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been collected under identical operational conditions, as the load and RPM of the machine might vary 
between datasets. Consequently, we utilize Wavelet Transformation (WT) to breakdown each variable into 
several frequency ranges. Denoising of the signals is executed using uniscale Principal Component Analysis 
(PCA) on the coefficients corresponding to each scale. The signal may be reconstructed by multiplying each 
frequency scale by its respective relevance factor and aggregating the results. The data undergoes 
preprocessing prior to the application of PCA to the unfolded data matrix. The preprocessed matrix is further 
analyzed using PCA, followed by the observation of the resultant T² statistics or Q-statistics. The T² and SPE 
(Squared Prediction Error) plots illustrate each data batch represented as a plotted point. A faultless dataset 
may be presumed to be within established parameters, however a dataset exhibiting considerable fluctuation 
will exceed the threshold and be classified as anomalous. The fresh dataset is amalgamated with previously 
obtained datasets as the former are discarded. When the T² or Q statistic exceeds the threshold, it signifies 
that the data batch is anomalous, indicating a malfunction in the equipment. 

 
4.4 Combined Multiscale-MPCA Framework 
A variety of models addressing flaws in the vibrations of rolling bearing elements were examined in the 
literature. We utilized the research of Cong et al. to model the bearing defect. The simulation utilizes a multi - 
body model of the rotor-bearing system. This model includes the rotor, supporting bearings, and the motor 
crankshaft. Rotor dynamic forces are meticulously modeled here, taking into account the direct impact of the 
bearing load. Fault vibration signals may be simulated by examining the bearing load and implementing it 
inside an impulse signal model. The bearing load was partitioned into two components: a constant load, 
including the system's gravitational force, and an alternating load, generated by inertial forces. In the last 
component, all forces exerted on the bearing were computed individually for the components along two 
orthogonal directions. 

 

Fig. 6 Multiscale MPCA model 
 

5.  Simulation Study 
 

Table 1 presents the numerical parameters utilized in the simulation. The signal was simulated from 0.0s to 
0.4s with a sample period of 0.0001 seconds, resulting in a sequence of discrete temporal data points for 
subsequent analysis. Figure 3.8a illustrates the standard vibration signal characterized by white Gaussian 
noise, devoid of any faults. Figure 3.8b illustrates the simulated vibration signal exhibiting a flaw, which has 
been contaminated with Gaussian noise at a signal-to-noise ratio (SNR) of -15 dB. The signals underwent 
preprocessing by scaling, mean centering, and unit variance normalization. The disparity between the normal 
and defective signal is not readily discernible to the naked eye, as seen in Figure 3.8; hence, these signal 
changes resulting from a fault are not perceptible amidst the noise. 
Table 1 Simulation parameters 

 

Constraints Range 

Alternate load 0.500 

Constant load 2.50-8.50 

Time period 1e−5 

Decay parameter 600 

SNR for Gaussian white noise -15 dB 

Fault amplitude 2.50-4.50 

Jitters 0.00005 

Natural frequency (2 × π × T ) 
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Fig. 7 Normal vs Faulty simulated signals 

 
3   Results and Discussion 

 
The conventional MSPCA exhibited erroneous detections due to its sensitivity to load change during first MS 
detections. The proposed technique accurately recognized only genuine defects. This research examines the 
impact of load variation on MS-PCA performance. Figure 8a The T statistics of a steady load at T2. It is 
readily evident that all values remain inside the control boundaries, indicating no defects have been 
introduced. The fault is generated. Conversely, in Figure 8b, the T² statistics are presented for a different 
loading situation, and the T² value distinctly above the control limit, signifying that the data is erroneous. 
However, it is important to note that the problem was not included into the data; just the load associated 
with the phase was altered. This distinctly illustrates a limitation of the current MS-PCA approach, namely, 
its failure to account for the effects of load variations. Consequently, the technique for interpreting vibration 
data under various load situations requires enhancement. 

 

Fig. 8 (a) Normal vibration T 2 statistics and (b) normal vibration T 2 statistics with load 
variation are the findings of the MS-PCA for the influence of load change 

 
The preceding section indicated that vibration signals were generated both with and without faults under 
varied load levels. We used the suggested technique to these synthetic signals via signal decomposition via a 
reverse biorthogonal (rbio 5.5) wavelet packet [28]. Decomposition level 11 was determined to be best for 
extracting the vibration signature. Only one PC was utilized at each level, as the signals represent many 
realizations of the identical vibration measurement. The reshaping parameter, µ, was increased to 10,000, as 
a greater factor facilitates the implementation of a "limit" that compels values below the threshold to 
converge towards zero, hence enhancing the separation in the data extraction process. 

 

Fig. 9 (a) An unfiltered and unprocessed vibration signal with an amplitude of 2.5 and (b) an 
unprocessed and unprocessed vibration signal with an identical but different load A 

magnitude of 7.5 
 

Figure 9 depicts the vibration signals acquired at two distinct load levels: 2.5 kg in Figure 9a and 7.5 kg in 
Figure 9b, with data taken at constant load levels. Additionally, vibration signals for seven separate loading 
situations were simulated and organized into a three-dimensional data matrix. The matrix was subsequently 
transformed into a two-dimensional matrix, as previously mentioned, with each dimension measuring  
16,384  by  7.   The  data  in  the   matrix   were  transformed  into  absolute  values  and   normalized      using 
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Multiplicative Signal Correction (MSC) and autoscaling. A significant component of this methodology is 
preprocessing, which eliminates non-linear trends and standardizes all variables to a uniform scale. 

 

Fig. 10 Preprocessing affects MSPCA-MPCA approach (a) T 2 statistics of defective vibration 
with load variation without preprocessing and (b) T 2 statistics of defective vibration with 

load variation after preprocessing 
 

Figure 10a illustrates the outcome without preprocessing; notably, the 8th dataset from the defective bearing 
is not discernible in the T² plot. Conversely, figure 10b illustrates the outcome post-preprocessing, with the 
8th element designated as defective due to its above the T² threshold. T² statistics were computed for each 
data batch, and principal component analysis (PCA) was conducted on the two-way data matrix following 
data preprocessing. Only one principal component was employed in the Multiway-PCA phase, as the four 
accelerometers utilized in this investigation exhibit significant correlation and capture analogous vibration 
signals. In this instance, a single principal component explains for the majority of the variability in the data. 

 

Fig. 11 The suggested Multiscale-MPCA technique for fault detection (a) The normal vibration 
T 2 statistics with load variation and (b) the defective vibration T 2 statistics with load 

variation (fault at load 3.5) 
 

The comprehensive results from the suggested approach for fault identification, utilizing the Multiscale - 
MPCA analysis, are depicted in Figure 11. The various loads are indicated on the x-axis for each sample. 
Under normal conditions: The T² statistics depicted in Figure 11a exhibit fluctuations attributable to load 
variations; nevertheless, they consistently remain below the detection threshold, with values approximately 
less than 2.5. However, when a flawed data set is analyzed, as seen in Figure 11b, the T² value significantly 
exceeds the control limit, indicating a defect in the dataset. 

 
The suggested approach utilized seven datasets including various fault magnitudes and situations, achieving 
100% accuracy for bearing faults under differing load conditions. 

 
Moreover, all defective instances were accurately recognized across all seven load circumstances with a 100% 
success rate. The method effectively minimized false positives by identifying load-induced variation. 

 
5 Conclusion 

 
This paper proposes a novel multivariate statistical technique—combining Multiscale Principal Component 
Analysis (MSPCA) and Multiway Principal Component Analysis (MPCA)—to detect outliers in rolling  
element bearings under different load situations. This method use Multiscale PCA to identify significant 
vibration patterns from very noisy data, enabling the detection and differentiation of problems. Conversely, 
MPCA regards each collection of multivariate data acquired under specific load circumstances as an object, 
facilitating the comparison of fresh vibration data with several sets gathered under varying loading 
conditions. An enhanced technique for bearing failure signal processing is utilized to replicate different load 
scenarios by activating a constant load on the rotor. The simulation experiments provide superior fault 
identification performance compared to other methods, such as MSPCA, which none of these techniques can 
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reliably identify. This study presents an integrated MSPCA-MPCA method for identifying problems in 
rotating machinery under fluctuating loads. The MSPCA mitigates noise by isolating signal  characteristics 
and excluding noise, whereas the MPCA is designed to assess behavior within operational unpredictability. In 
comparison to conventional approaches, the strategy demonstrated enhanced specificity in simulations, 
markedly decreasing false positives during load shifts. 
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