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ABSTRACT

This project describes the design and implementation of a non-contact vibration picker for capturing data
from spinning machinery in order to detect bearing faults early. The Hilbert transform is used to denoise
the collected vibration signals, and the dataset is then analysed by Principal Component Analysis (PCA)
and Sequential Floating Forward Selection (SFFS) for dimensionality reduction and feature selection,
respectively. The most essential attributes are then used to identify and categorize various bearing issues
using Support Vector Machines (SVM) and Multi-Layer Perceptron (MLP) algorithms. The entire
methodology provides an effective and proactive way for bearing health monitoring and maintenance,
emphasizing fast defect identification and leading to significant savings in time, effort, and equipment
maintenance costs.
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l. INTRODUCTION

The increasing reliance on electric drive trains in a variety of sectors highlights the vital need for
robust condition monitoring to maintain optimal performance and dependability. As these systems get
more sophisticated, there is a greater need for advanced statistical machine learning algorithms to improve
condition monitoring accuracy and efficiency. The purpose of this comparison research is to investigate
and assess several statistical machine learning algorithms in the context of electric drive train status
monitoring. This study aims to give useful insights into the creation of resilient and adaptable monitoring
systems by analysing the strengths and limits of various methodologies.
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11 MACHINE LEARNING

Machine learning, a type of artificial intelligence, has transformed how we tackle complicated
issues in a variety of disciplines. It is a data-driven method that allows computers to learn and forecast or
make judgments without being explicitly programmed. This game-changing technology has implications
ranging from healthcare and banking to driverless cars and natural language processing. Machine learning
is based on algorithms and models that can analyse and extract patterns from massive information,
providing answers that were previously considered to be science fiction. Machine learning has become a
vital tool for making sense of the massive and complicated information accessible to us in this era of data
abundance, frequently outperforming human skills in tasks such as picture identification, language
translation, and even game- playing. A number of reasons have contributed to the expansion of machine
learning, including the availability of large datasets, advancements in processing power, and breakthroughs
in algorithm development.

1.2 ELECTRIC DRIVE TRAINS

Electric drive trains represent a paradigm shift in transportation and industrial machinery, ushering
in a new era of better efficiency, lower environmental impact, and improved performance. Electric drive
trains, as opposed to traditional mechanical drive systems, use electrical power to propel cars and run
machines. The worldwide goal to reduce the environmental footprint of transportation and industrial
activities is driving this trend toward electrification. Electric drive trains have a wide range of applications,
including electric automobiles and hybrid vehicles, as well as industrial robots and renewable energy
systems
IAs the world pursues more sustainable technologies, the need for dependable, high-performance electric
drive trains has increased.

1.3 CONDITION MONITORING

Condition monitoring is an important aspect of contemporary engineering and maintenance
procedures, since it provides a proactive method to assessing the health of machinery and systems. It
entails the constant and real- time evaluation of numerous parameters to assure optimal equipment
operation, forecast probable defects, and prevent unexpected failures. This strategy contrasts sharply with
typical reactive maintenance, moving the emphasis from correcting problems after they occur to avoiding
them before they impair performance. Condition monitoring is a strategic technique of improving
dependability, reducing downtime, and optimizing operating efficiency in the context of machinery and
industrial systems. Condition monitoring gives a full picture of equipment health by utilizing modern
sensors, data analytics, and machine learning approaches. This enables early interventions and cost-
effective maintenance plans

1. LITERATURE REVIEW

CONNOR Abbreviate et.al., [1] has proposed in this framework Profound convolutional brain
networks have performed astoundingly well on numerous PC Vision assignments. To avoid
overfitting, these networks, on the other hand, heavily rely on big data. Overfitting alludes to the
peculiarity when an organization learns a capability with extremely high difference, for example, to
show the preparation information impeccably. Sadly, big data is unavailable to many application
domains, including medical image analysis. Data Augmentation, a data-space solution to the issue of
limited data, is the focus of this survey. Information Increase incorporates a set-up of methods that
improve the size and nature of preparing datasets to such an extent that better Profound Learning
models can be constructed utilizing them.

Mateusz Budaet.al.,[2] has proposed in this system In this study, we systematically investigate
the impact of class imbalance on classification performance of convolutional neural networks (CNNs) and
compare frequently used methods to address the issue. Class imbalance is a common problem that has been
comprehensively studied in classical machine learning, yet very limited systematic research is available in
the context of deep learning. In our study, we use three benchmark datasets of increasing complexity,
MNIST, CIFAR-10 and ImageNet, to investigate the effects of imbalance on classification and perform an
extensive comparison of several methods to address the issue: oversampling.

M. WAQAR AKRAM et.al.[3] has proposed in this framework Imperfection recognition in
photovoltaic (PV) modules and their effect evaluation means quite a bit to upgrade the PV framework
execution and dependability. To recognize and break down the deformities, a superior open air
infrared (IR) thermography plot is introduced in this review. PV modules that are in good working
order and those that are defective are used in both the indoor (dark) and outdoor (illuminated) IR
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experiments. Normal operating modules have comparable measurements for the indoor and outdoor
environments. Notwithstanding, the estimations for blemished modules show distinction for example
the open air pictures show less or not the slightest bit abandons in contrast with indoor pictures. After
this, our improved outdoor thermography scheme is used for outdoor imaging.

XIAOXIA LI and others, [4] has proposed in this system that novel inspection methods and
analysis tools are required for efficient condition monitoring and precise module defect detection in large-
scale photovoltaic (PV) farms. This paper presents a profound learning based answer for deformity design
acknowledgment by the utilization of flying pictures got from automated elevated vehicles (UAVS). The
convolutional brain organization (CNN) is utilized in the Al cycle to order different types of module
deserts. Such managed educational experience can remove a scope of profound highlights of working PV
modules. It essentially works on the proficiency and precision of resource review and wellbeing evaluation
for huge scope

R. Pierdiccaet.al. [5] has proposed in this system that there are now a significantly larger number
of distributed photovoltaic (PV) plants that produce electricity. As a result, the problem of monitoring and
maintaining a PV plant has become a major concern and presents numerous difficulties in terms of
efficiency, dependability, safety, and stability. This paper presents the clever way to deal with gauge the
PV cells debasements with DCNNSs. This is, to the best of our knowledge, the first use of data obtained
with a thermal infrared-equipped drone, despite the fact that numerous studies have classified images. The
experiments on the "Photovoltaic images Dataset,” a dataset that was collected, are shown to demonstrate
the degradation issue and provide a comprehensive evaluation of the method that is presented in this study.
The proposed method's efficacy and suitability are demonstrated

1. EXISTING SYSTEM

Fault detection and diagnosis are crucial for precise industrial machinery maintenance and
management. In this context, data-driven condition monitoring models play a significant role in the
diagnosis and management of equipment faults. This research looks on the use of various statistical
machine learning techniques in modeling vast amounts of data in the condition monitoring of electric drive
trains in supply chains. To discriminate between eleven failure states, large data sets are employed to train
linear discriminant analysis, K-nearest neighbor method, naive Bayes, kernel naive Bayes, decision trees,
and support vector machine. The decision trees achieved 93.8% accuracy in the testing data set, followed
by kernel naive Bayes (91.9%), radial basis function (Gaussian) support vector machine (89.3%), linear
discriminant analysis (84.5%), k-NN algorithm (80.5%), and Gaussian naive Bayes (71.3%). As a result,
the statistical machine learning technique used effects classification accuracy in electric drive problem
diagnostics. Furthermore, decision trees learn and categorize new examples from huge data in a matter of
seconds. This simplifies the selection of decision trees for electric drive train status monitoring and
management.

V. PROPOSED SYSTEM

The suggested system acquires data from spinning machinery using a non-contact vibration
pickup, allowing for early failure diagnosis in bearings. The Hilbert transform is used to denoise vibration
signals, and the dataset is then analysed using Principal Component Analysis (PCA) and Sequential
Floating Forward Selection (SFFS) for dimensionality reduction and feature selection, respectively. The
most essential attributes are then used to identify and categorize various bearing issues using Support
Vector Machines (SVM) and Multi-Layer Perceptron (MLP) algorithms. This complete methodology
provides an effective and proactive way for bearing health monitoring and maintenance, emphasizing fast
defect identification and leading to significant savings in time, effort, and equipment maintenance costs.

a. LOAD BEARING FAULT DATASET

The project focuses on obtaining and curating a comprehensive dataset especially specialized to load-
bearing problems in rotating machinery in this module. This entails gathering vibration data under various
load situations. The dataset serves as the foundation for further analysis, ensuring that the system is trained
and tested on a wide variety of load-induced bearing defects

The thorough selection and compilation of this dataset are critical to the overall system's accuracy and
dependability in recognizing and diagnosing errors connected to fluctuating loads.

*Corresponding Author: Ms. Pooranam N 49 | Page



A Comparative Study Of Statistical Machine Learning Methods For Condition Monitoring

b. FEATURE REDUCTION USING PCA BASED ON FEATURE EXTRACTION AND
NORMALIZATION

This module addresses the need for fast feature extraction and normalization following the capture of the
load- bearing fault dataset using Principal Component Analysis (PCA). PCA is used to minimize the
dimensionality of a dataset while maintaining crucial information, improving computing performance and
reducing the danger of overfitting. This phase is critical in preparing the data for following stages of
analysis, as it ensures that the most significant properties are kept, adding to the system's capacity to
properly distinguish between different fault scenarios.

Data acquisition for
training and testing
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Figure: Block Diagram

C. SVM CLASSIFICATION BASED ON FEATURE SELECTION USING SFFS

The SVM classification module uses Support Vector Machines (SVM) to accurately classify faults based
on the pre-processed information. Sequential Floating Forward Selection (SFFS) is used to enhance feature
selection, a strategy that iteratively discovers and adds the most discriminative features to improve the
model's performance.

This guarantees that the SVM classifier is trained on the most relevant data, improving its capacity to
detect and categorize load-bearing problems in the rotating gear under examination.

d. MLP CLASSIFICATION BASED ON FEATURE SELECTION USING SFFS

This part, like the SVM classification module, incorporates Multi-Layer Perceptron (MLP) for fault
classification. The SFFS feature selection procedure is used to discover and include the most useful
characteristics, hence maximizing the MLP model's ability to distinguish between distinct load-bearing
faults. The use of MLP adds a neural network-based method, providing flexibility in collecting nuanced
patterns within data, thus improving the system's overall accuracy and resilience in detecting and
diagnosing load-induced bearing failures.

V. ALGORITHM DEATILS

A. Multi Layer Perceptron (MLP)

This Model The pre-processed dataset was visualized using Matplotlib. The realization led to the
insights of a classification problem upon the data pre-set with class labels (human presence or absence).
These insights led to the decision to train an MLP model over other different options available. The data
collected in the first phase of the experimentation was used to train an MLP over Tensor flow library in
python. A sequential neural network was modelled with five hidden layers of varied neuron. The input
dimensions of the data were 1429*16. Model training was divided into training, validation, and testing.
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The training matrix was 1143*16; a 30% validation set was derived from the training set itself, whereas a
matrix of 230*16 was utilized for the testing purpose. A 30% validation split was given to the dataset.
Several network topologies with various layers and units in each layer were tested, and the bestperforming
model was worked upon for further computations. A five-layer highly optimized MLP was built with the
first four layers having the activation function as Relu, whereas the fifth layer uses the Sigmoid activation
function to get a binary classification output

B. Support Vector Machine

Support Vector Machine (SVM) is a popular supervised machine learning model that is used for
classification and prediction of unknown data. It is asserted by several researchers that SVM is a very
accurate technique for text classification. It is also widely used in sentiment classification. For instance, if
we have a dataset in which data is pre-labeled into two categories:

positive and negative reviews, then we can train a model to classify new data into these two categories.
This is exactly how SVM works. It is the model that we train on a dataset, so it can analyze and classify
unknown data into the categories that were present in the training set. SVM is a linear learning method. It
finds an optimal hyper-plane to differentiate two classes. Being a supervised classification model, it tries to
maximize the distance between the closest training point and either class so as to achieve better
classification performance on test data. The process for classification functions is as follows:

1. It takes the labeled sample of data, and draws a line separating the two classes. This line is called
the decision boundary. The solution is based only on those training data points which are really close to the
decision boundary. The data points are called Support Vectors. For example, if we are categorizing movie
reviews (in our case), one side of the boundary will have positive reviews while the other side has negative
reviews.

2. Now when new data needs to be classified, it goes either into the left or right side of the decision
boundary. Depending on which side the data enters, it is classified under that category. To classify our
data with the best precision, we need to split the two categories such that the decision boundary separates
the two classes with maximum space between them.

VI. RESULT ANALYSIS

Two machine learning techniques, Support Vector Machines (SVM) and Multi-Layer Perceptron
(MLP), were used to evaluate the suggested bearing failure detection system. The SVM method was 84%
accurate overall, with precision, recall, and F-measure values of 0.79, 0.75, and 0.84, respectively. The
MLP algorithm, on the other hand, outperformed the others, obtaining an accuracy of 92%. Notably, MLP
demonstrated good accuracy (0.99) and recall (0.92) metrics, but with a somewhat lower F-measure of
0.89. These findings support the suggested methodology's efficacy, with the MLP algorithm beating SVM
in terms of accuracy and precision, making it a potential choice for bearing defect recognition and
classification in spinning equipment.

| Algorith | Accura Precisi Reca | F-
m cy on 1 measu
| re
SVM 0.84 0.79 0.75 0.84
MLP 0.92 0.99 0.92 0.89

Figure: Comparison Table
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Figure: Comparison Graph

VII.  ADVANTAGE

The proposed system can detect bearing faults early, before they cause catastrophic failures. This
can prevent downtime, production losses, and costly repairs. By enabling early fault detection, the
proposed system can help to reduce maintenance costs. This is because it can prevent unnecessary
maintenance interventions and extend the lifespan of bearings. The proposed system can improve the
reliability of equipment by preventing unexpected breakdowns. This can lead to increased productivity and
reduced downtime. The proposed system uses a non- contact vibration pickup to collect data, which
eliminates the need for direct contact with the machinery. This can reduce the risk of damage to the
machinery and make it possible to monitor the machinery without disrupting operations.

VIIL. FUTURE WORK
It is critical for future work to investigate and enhance the suggested system to fit a greater range of
industrial environments and machinery types.

Further research into the non-contact vibration pickup's flexibility across diverse operational
circumstances and settings will increase the system's versatility. Incorporating real-time monitoring
capabilities and investigating the incorporation of future technologies like as edge computing or the
Internet of Things might also give a more dynamic and responsive approach to bearing health monitoring.
Continuous research efforts should be directed toward optimizing machine learning algorithms, with the
possibility of adding deep learning models for enhanced pattern identification and fault detection.

IX. CONCLUSION

Finally, the created non-contact vibration pickup, along with modern data processing and machine
learning approaches, has shown to be a reliable and practical method for monitoring bearing health in
rotating machinery. The Hilbert transform was used for denoising, PCA was used for dimensionality
reduction, and SFFS was used for feature selection, which simplified the dataset and allowed for the exact
detection and categorization of various bearing faults. The effective deployment of SVM and MLP
algorithms illustrates the system's capacity to detect faults in real time. This complete technique not only
improves the proactive nature of maintenance procedures, but it also offers significant savings in time,
resources, and equipment upkeep expenses.
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