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In order to improve the efficiency, accuracy and automation level of reducer fault
diagnosis, a fault identification system based on vibration signal frequency domain feature
extraction, SVM and CNN technology is designed in this paper. Firstly, the original
vibration signal of the reducer is denoised, and then the frequency domain analysis is
performed to extract the fault features. Then, Support Vector Machine (SVM) and
Convolutional Neural Network (CNN) were constructed respectively for fault
classification and recognition, and their performances were compared. The experimental
results show that the recognition accuracy of CNN model reaches more than 80%, which is
better than that of the traditional SVM method (about 70%), demonstrating the advantages
of CNN method in the field of reducer fault recognition. In the future, we can try to use a
combination of methods to reduce the probability of overfitting and improve the accuracy.
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1 Introduction

Reducers play a pivotal role in industrial machinery. Because they operate for long periods

under heavy loads and high temperatures, they are prone to early failures. Any weak fault

may have a bad impact on the reliable operation and safety of the equipment, its running

state directly affects production efficiency and safety. Therefore, the fault diagnosis of a

reducer has always been one of the research hotspots in the field of power industry and

manufacturing industry. Traditional manual inspection is difficult to find early faults in

time and accurately, so it is urgent to establish an efficient and reliable intelligent fault

recognition system(Li, 2023). Vibration signal analysis is a non-destructive test method

based on physical quantities, which can effectively detect and diagnose the fault of the

reducer.

Analyzing and processing the vibration signal of rotating equipment and extracting its fault

characteristics is an important way for fault diagnosis. Firstly, the fault feature extraction

method can be divided into several parts, such as time domain, frequency domain and

time-frequency domain analysis. In this paper, frequency domain analysis and time-

frequency domain analysis are used to train the model. In the existing research, feature

extraction techniques represented by frequency domain analysis methods (such as FFT) are

widely used, but they are usually combined with traditional machine learning methods,

such as SVM for classification(Chen et al., 2024). In recent years, convolutional neural

Network (CNN) has performed prominent in the field of image recognition and signal

processing, which can effectively capture the hidden features in complex signals and

improve the accuracy of diagnosis(Djaballah et al., 2024). After searching for papers, there

are few previous studies on the comparison of different methods of vibration signal

frequency domain analysis. This paper aims to develop a reducer fault diagnosis method

based on vibration signal analysis, which provides a more accurate and efficient fault

diagnosis method for industrial production. The research focuses on extracting appropriate

fault features and selecting appropriate model training methods.

There are several common methods for fault classification, including traditional machine

learning: SVM, random forest, decision tree, and deep learning: CNN, LSTM, RNN, etc.



8

Although traditional machine learning methods such as Random Forest and Decision Tree

perform well in specific tasks, they usually rely on hand-extracted features and are difficult

to automatically capture complex signal patterns. In addition, RF and DT may face the

problem of dimensionality disaster when dealing with high-dimensional data, which affects

the generalization ability of the model. SVM performs well in dealing with high-

dimensional data with small samples, which can effectively construct the optimal

classification hyperplane and achieve good classification performance. The introduction of

kernel function makes SVM also have powerful modeling ability in nonlinear problems.

In recent years, deep learning algorithms such as convolutional Neural Network (CNN),

Recurrent Neural Network (RNN) and deep Belief Network (DBN) have been widely used

in early fault prediction. RNN and LSTM models are good at processing time series data

and can capture long-term dependencies. However, when dealing with high-frequency

vibration signals, RNN and LSTM may face the problem of gradient disappearance or

explosion, which leads to complex training process and large consumption of computing

resources. In the experiment of detection of multiple bearing faults, Said Djaballah et al.

found that the model based on time series learning only may produce low diagnostic

accuracy if advanced techniques are not combined(Djaballah et al., 2024). RNN often

suffers from the vanishing gradient problem, which seriously affects its effectiveness in

long-term sequence prediction modeling(Djaballah et al., 2024). CNN is the most popular

neural network in the field of deep learning, which can automatically extract deep features

from signals(Wen et al., 2018), and is especially suitable for processing data with spatial or

temporal structure, such as vibration signals. Its structure of local connection and weight

sharing makes CNN computationally efficient and has strong generalization ability when

dealing with high-dimensional data.

At present, for the fault extraction of reducer, adaptive decomposition method has also

been widely used in vibration signal acquisition, and has achieved excellent results in the

analysis of multi-component coupling signals with nonlinear changes(Wen et al., 2018).

Zhou Jun et al.(Ji et al., 2024) proposed a reducer fault feature extraction method based on

time-frequency image ridge extraction and improved sparse component analysis. sinc

function was used as a morphological filter to perform morphological filtering on vibration

signals, and combined with frequency domain signal reconstruction to complete fault

identification. Xu Tianyun et al.(Zhou et al., 2023) proposed a reducer fault recognition

https://www.nature.com/articles/s41598-024-75174-x
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method combining information entropy and variational mode decomposition. The vibration

signal fault feature frequency range is determined by envelope analysis, and the

information entropy and variational mode decomposition are used to eliminate the

characteristic frequency interference. Lin Mengxionget al.(Xu & Zhou, 2023) proposed

that the order tracking analysis combined with the improved wavelet threshold noise

reduction method to extract the fault feature of the reducer vibration signal, and then the

improved wavelet threshold noise reduction method was used to reduce the signal

threshold noise in the equal Angle domain, and the fault signal of the reducer was extracted

effectively(Sun & Cao, 2024).

In the literature(Yang et al., 2021), the random forest algorithm was added as the

identification basis in the process of judging the current fault. However, the efficiency of

extracting feature parameters using the traditional deep learning method is low, and the

parameter optimization of the classifier needs to be completed first, so the actual extraction

result is directly affected by human parameters, which greatly improves the complexity of

the calculation process. It shows that the effect of SVM algorithm has great limitations

(Wang et al., 2021a)(Wang et al., 2021b)(Song & Liu, 2020).

In the process of data analysis, the sampling frequency of the current signal during the

operation of the reducer may be low, and the fault feature information is not obvious. In

addition, when a fault occurs in one link of the reducer, the signal data of other links may

be affected(Li, 2022). In this study, the data of multiple different fault states and normal

states of the equipment are collected. For the same model, different equipment, signal

acquisition is carried out at different times, and the data acquisition time span is large.

Based on the above data, this paper trains SVM and CNN model to compare two methods,

and realizes the classification and data analysis of vibration signals in different states and

different times. The results show that the SVM method has a good classification effect on

different states of a single equipment, but the generalization is poor when it is applied to

the state recognition of the same model of different equipment. The CNN method has good

classification effect and generalization performance for mixed data(Wang et al., 2024).
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2 Requirements analysis and software architecture

In this section, I will discuss what functions the fault detection system needs to achieve,

and design the software architecture based on it.

2.1 Requirements analysis

The requirement analysis of this system is as follows:

Data acquisition: realize the real-time acquisition of vibration signal under the running

state of reducer.

Figure 1. Reducer and three vibration sensors

This data acquisition was carried out in the HEBUT laboratory, and three vibration sensors

were used in this data acquisition, which are sensor 3 (P3), sensor 2(P2), and sensor 1(P1)

from left to right. Now, it is agreed that the horizontal to the ground is the X axis, the
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vertical to the ground is the Z axis, and the perpendicular to the picture is the Y axis, as

shown in Figure 1. Reducer and three vibration sensors.

There are 5 working states of the collected data, and each state has its own number:

1: normal forward rotation

3: turbine misalignment forward (middle shaft)

9: worm shaft axial runout forward rotation (input shaft)

13:rolling element damage of upper bearing forward rotation (input shaft bearing roller)

15:turbine surface scratch forward rotation (middle shaft and worm contact part)

Data collection was conducted twice, on February 22, 2024 and May 25, 2024.

The following 6 files are the data sampled by 3 vibration sensors. In the period,

"sDataF_P1XYZ_0222_1.xlsx" is the data collected by sensor 1 on February 22

(commonly called 1 point data, and the file name P1 means one point).

Figure 2. The collected data

Worksheets 15_1X, 15_1Y, 15_1Z, respectively represent the vibration acceleration

signals of X, Y and Z at 1 point in state 15 (check the comparison table above, state 15

represents turbine surface scratch forward rotation); Similarly, 1_1X, 1_1Y and 1_1Z

respectively represent vibration acceleration signals in X, Y and Z directions at 1 point in

state 1 (state 1 represents normal).



12

Figure 3. Data Types

Data preprocessing: In order to eliminate the environmental noise and interference in the

vibration signal, the Wavelet Transform is used to reduce the noise of the data. Wavelet

transform has significant advantages in dealing with non-stationary signals, which can

effectively preserve the transient characteristics of the signal and filter out irrelevant noise.

Frequency domain feature extraction: The FFT algorithm is used to obtain the spectrum

characteristics of the vibration signal for subsequent fault recognition and classification. In

this study, the Fast Fourier transform (FFT) is used to convert the preprocessed vibration

signal from the time domain to the frequency domain to reveal the spectral characteristics

of the fault signal. Frequency domain analysis can clearly reflect the characteristic

frequency and energy distribution of different fault states of reducer. The specific process

includes: performing FFT calculation on each data segment to obtain the amplitude

spectrum of the vibration signal; Then, the main peak position, peak amplitude and energy

distribution data in the spectrum are extracted to form a feature vector, which provides an

effective classification basis for the subsequent classification steps.

Fault recognition and classification: In this study, Support Vector Machine (SVM) and

Convolutional Neural Network (CNN) were combined to automatically classify and

identify the fault types of reducers. Through Radial Basis Function (RBF) kernel, the SVM

model maps the frequency domain feature data into a high-dimensional feature space,

constructs the optimal classification decision boundary, and effectively distinguishes

different fault types. In this paper, the CNN model uses manually extracted FFT spectrum

features, wavelet energy features and statistical features as input data, and further

automatically extracts deep feature information through convolution, pooling and full

connection layers, so as to improve the classification performance.

Visual display of the results: a simple and clear interface of fault diagnosis results is

provided for users to intuitively view.
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2.2 Software architecture design

According to the requirements, this system is designed with four main modules:

According to the demand analysis, this system designs four main modules to form a

complete vibration signal fault diagnosis system process. Each module realizes data

exchange through a clear interface, and jointly completes the whole process from data

acquisition to fault diagnosis.

Figure 4. System flow chart

Figure 4. System flow chart shows the flow of the vibration signal fault diagnosis system

proposed in this study. Firstly, the original Vibration signal collected from the equipment

(Vibration data acquisition) is read, and then the collected Data is preprocessed (Data

preprocessing), including denoising processing and standardization. Next, the fast Fourier
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transform (FFT) method is used and the FFT frequency domain feature extraction is

extracted from the processed data.

After the feature extraction is completed, it is sent to the SVM model and the CNN model

for fault classification respectively. As a traditional machine learning method, SVM model

uses manually designed FFT frequency domain features for fault recognition, while CNN

model further automatically extracts deeper feature information from frequency domain

features to improve classification performance.

Finally, the classification results of the two models are unified into the Diagnostic results

and visualization module, which is used for comprehensive analysis and visual display of

the diagnosis results, so as to make a more intuitive and reliable evaluation of the

equipment status. The data exchange between each module is realized through a clear

interface.

2.2.1 Data acquisition and preprocessing module

Function description: Realize the real-time acquisition of vibration signal under the

running state of reducer; The original vibration signal was preprocessed to eliminate

environmental noise and interference. It provides high-quality signal data for subsequent

feature extraction.

Technical implementation:

Data acquisition equipment: Three vibration sensors (P1, P2, P3) are used to collect

vibration acceleration signals in X, Y, and Z directions respectively

Acquisition parameter Settings:

Sampling frequency: 25600Hz

Acquisition time: about 8 seconds/time

Spatial coordinates: X-axis is horizontal to the ground, z-axis is perpendicular to the

ground, and Y-axis is perpendicular to the picture

Signal preprocessing:
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In the data preprocessing stage, we first apply wavelet transform to the collected raw

vibration signal for noise reduction; wavelet is particularly advantageous when processing

non-stationary signals, and can effectively retain transient features and filter out irrelevant

noise. Then, through standardization operations, the amplitude differences caused by

different sensors and measurement directions are eliminated. After completing these steps,

the clean signal that retains key information is sent to the feature extraction module, laying

a solid foundation for subsequent analysis.Frequency do

2.2.2 Main feature extraction module

In the frequency domain feature extraction module, the preprocessed vibration signal is

first mapped from the time domain to the frequency domain through the fast Fourier

transform (FFT), the original signal is decomposed into a series of sinusoidal components

of different frequencies, and the amplitude and phase of each component are calculated.

The resulting spectrum clearly shows the periodicity, harmonics and noise components in

the signal, making the specific fault frequency of the reducer clear at a glance.

Subsequently, the algorithm automatically locates the main peaks, records its amplitude

and energy distribution and other information, and assembles them into high-dimensional

feature vectors according to preset rules as effective inputs for the fault identification

classifier. FFT is linear, has low information loss and fast calculation speed, and can easily

process large-scale data, so it is widely used in the field of mechanical vibration diagnosis.

The overall data flow is: the module receives the time domain signal from the

preprocessing stage, completes the frequency domain conversion and feature construction,

and outputs the generated frequency domain feature vector to the subsequent fault

identification and classification links to achieve efficient and reliable state assessment.

2.2.3 Fault identification and classification module

In the fault identification and classification module, the system first receives the feature

vector output by the frequency domain feature extraction module, and then calls the two

algorithm links of support vector machine (SVM) and convolutional neural network (CNN)

for discrimination. SVM uses the radial basis function (RBF) kernel to map features to
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high-dimensional space, construct the optimal decision boundary, and gives a clear

separation of typical fault types with the advantages of small sample learning and

interpretability; CNN uses FFT spectrum features, wavelet energy features and statistics as

input, and automatically mines local patterns and global associations through the

convolution-pooling-fully connected structure, and processes complex vibration forms

with powerful signal modeling capabilities. The two models run in parallel and

complement each other: on the one hand, they improve the generalization ability of various

working conditions, and on the other hand, they can cross-validate the output and reduce

the probability of misjudgment. Finally, the fused classification results are sent to the

diagnosis and visualization module to achieve fast and accurate identification of different

fault states of the reducer.

2.2.4 Diagnosis results and visualization module

In the diagnosis result and visualization module, the system first receives the classification

output of SVM and CNN, conducts a comprehensive analysis of the fault type, probability

distribution and confidence given by the two models, and generates the final diagnosis

conclusion through majority voting or weighted fusion strategy, thereby significantly

improving the overall reliability and accuracy. Subsequently, the module displays key

information in a simple and intuitive interface: the main view lists the current fault type,

probability of occurrence and confidence interval, with visualization graphics of key

frequency domain features and decision-making basis; users can further call the historical

record comparison and trend analysis functions to quickly gain insight into changes in

equipment status. The friendly interactive design supports one-click export of diagnostic

reports and raw data, which is convenient for operation and maintenance personnel to

retain documents and formulate maintenance plans accordingly. The overall data flow is:

receiving the output of the fault identification and classification module → result fusion

and confidence calculation → graphical display and output of the final diagnostic report, to

achieve intuitive and reliable evaluation and decision support for the health status of the

reducer.
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2.3 Chapter summary

This chapter analyzes the requirements of the reducer fault recognition system in detail,

including the core functional requirements of vibration signal data acquisition, data

preprocessing, frequency domain feature extraction, fault recognition and classification,

and result visualization and display. At the same time, the performance requirements of the

system in terms of accuracy, real-time performance, reliability, scalability and ease of use

are clarified.

Based on the requirement analysis, a modular system architecture is designed, and the

system is divided into four core functional modules: data acquisition and preprocessing

module, frequency domain feature extraction module, fault recognition and classification

module, and diagnosis results and visualization module. The functional description,

technical implementation and data flow of each module are expounded in detail, and the

complete working process of the system is displayed.

This modular and flow-based system design not only meets the functional requirements of

reducer fault diagnosis, but also has good scalability and maintainability, and provides a

clear architectural guidance for subsequent system implementation and optimization.
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3 Theory introduction

Based on the requirement analysis and overall architecture demonstration in the previous

chapter, this chapter will give a theoretical introduction to the reducer fault recognition

system based on the frequency domain characteristics of vibration signals: The core

algorithms of wavelet denoising, fast Fourier transform spectrum feature extraction,

support vector machine classification model, convolutional neural network model and

statistical features are discussed, which lays a technical foundation for experimental

verification and result analysis.

3.1 Signal denoising is carried out by wavelet transform

Wavelet decomposition decomposes the original signal into wavelet coefficients of

different frequencies. Generally speaking, the noise is mainly concentrated in the high

frequency part, and the high frequency part is threshold processed (soft threshold) to

weaken the noise component. Wavelet reconstruction, which uses the processed

coefficients to reconstruct the signal, yields a noise-suppressed version. This technique can

analyze the local characteristics of the signal in time domain and frequency domain at the

same time, and is suitable for non-stationary signals. It can help to preserve the important

signal characteristics and not destroy the main structure of the signal. It can analyze the

signal at multiple scales and has high processing speed, which is suitable for large-scale

data processing. Then, the CNN algorithm can effectively extract time-frequency features

for effective fault detection(Fu et al., 2025).

3.2 FFT frequency domain analysis method

The Fast Fourier Transform (FFT) can transform a time-domain signal into a frequency-

domain signal:

�(�) = �=0
�−1 �� (�)�−�2���

� , � = 0,1, …, � − 1 (1)
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It regards the signal as a series of sine waves with different frequencies, calculates the

amplitude and phase of these frequency components, and can effectively identify the

specific fault frequency of the reducer through the frequency domain spectrum

characteristics. This technology is very fast to process large-scale signal data, and can

clearly display frequency domain characteristics such as periodicity, harmonics and noise

in the signal. It is widely used in mechanical vibration and other fields, with linear

transformation and small information loss.

3.3 Support vector machine

Figure 5. SVM margin

A supervised learning method primarily used for classification and regression tasks. An

optimal hyperplane in the feature space that maximizes the margin between different

classes. This technique has strong generalization ability, especially effective for small

sample learning, good model interpretability, supports clear boundary analysis, and is

relatively mature.
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3.4 Convolutional neural network

Figure 6. Typical CNN architecture

A deep learning model that is good at dealing with data with spatial structure, such as time-

series signals. These include convolutional layers (to extract local features), pooling layers

(dimensionality reduction and compression), and fully connected layers (to do

classification or regression). Automatic feature extraction without manual feature design.

Local connection and parameter sharing greatly reduce the number of parameters.

Powerful image/signal modeling capability, which can be used for vibration signal analysis,

etc.

3.5 Statistical features that need to be extracted during processing

(1)Mean

Mean = 1
� �=1

� ��� (2)

Mean reflects the average level of the signal and is the most basic indicator of energy and

stability.

(2)Std (Standard Deviation)

Std = 1
� �=1

� (� �� − �)2 (3)

� = 1
N �=1

N x��
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A measure of signal volatility, where larger indicates more instability, is the most basic

indicator of energy and stability.

(3)RMS (Root Mean Square)

RMS = 1
� �=1

� ��
2� (4)

Represents the energy or power magnitude, commonly used in mechanical vibration, is the

most basic energy and stability index.

(4)Peak

Peak& = max |��| (5)

The maximum absolute value of the signal (instantaneous maximum value), which

determines whether there is an instantaneous high amplitude shock in the signal.

(5)Crest factor

CF& = Peak
RMS

(6)

The ratio of peak value to RMS reflects the impact, and can determine whether there is an

instantaneous high-amplitude impact in the signal.

(6)Kurtosis

Kurt& = 1
� �=1

� ��−�
�

�
4

(7)

� = 1
N �=1

N x��

Measuring the degree of sharpness, detecting abnormal shocks or defects, often used to

detect mechanical faults, the larger the more likely there is an impact type fault.

(7) Skewness
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Skew& = 1
� �=1

� ��−�
�

�
3

(8)

� = 1
N �=1

N x��

Measure the symmetry of the signal distribution to determine whether the signal

distribution is skewed to the left or right, and skewness of 0 indicates symmetry

3.6 Chapter summary

Introduced in detail in this chapter is based on frequency domain characteristics of reducer

fault vibration signal recognition system at the core of the theory and algorithm involved.

First, this paper expounds the principle and advantage of wavelet transform in signal noise

reduction, including wavelet decomposition and threshold processing and signal

reconstruction process. Secondly, introduces the basic principle of fast Fourier transform

and its application in frequency domain analysis of vibration signal. Then, respectively

discusses the support vector machine and convolutional neural network model of two kinds

of classification of theoretical basis and its application in fault diagnosis. Finally, details

the seven characteristics of time domain (mean, standard deviation, RMS, peak value, crest

factor, kurtosis and skewness) calculation method and physical significance.

These theories and algorithms for reducer fault identification system provides a solid

technical foundation, supporting the subsequent experiment and result analysis. Through

the reasonable combination of these methods, can build a high efficient and accurate fault

diagnosis system, realize to reducer the precise identification of different fault types.



23

4 Data analysis

The preliminary data analysis can help to understand the vibration characteristics of the

reducer and help to select the subsequent feature extraction and training method. In this

study, Support Vector Machine (SVM) and Convolutional Neural Network (CNN) were

used to identify and classify reducer faults. Training process including data preprocessing,

feature extraction, model building, training and assessment of four key steps.

4.1 Data visualization

The data sampling rate was 25600Hz, the speed was 305rpm, and the data was collected

for about 8s each time. Below is a visualization of the data. The five images are

respectively on February 22nd, P1 five different working state of the vibration sensors

visualization of time domain and frequency domain. Because of the large amount of data,

if all of them are drawn in one picture, the lines are too dense, so I selected 2560 data in

the first 0.1 second for visualization. It can be seen that the vibration is the most intense

(the amplitude is the largest) in the X-axis direction, and the Magnitude is larger in the

vibration of 2000, 3000, 4000 and 8000 Hz. The vibrations on the Y axis are mainly

concentrated in the low frequency around 300 Hz. Vibrations in the Z-axis are mostly

concentrated around 1000 Hz. Data such as periodicity can be seen from the time domain

diagram, and the vibration difference under different working conditions can also be seen

from the frequency domain diagram.
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Figure 7. Time& frequency domain diagrams of normal state

Figure 8. Time& frequency domain diagrams of Turbine Misalignment state.
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Figure 9. Time& frequency domain diagrams of Worm Shaft Axial Runout state.

Figure 10. The Time and frequency domain diagrams of Rolling Element Damage of Upper Bearing state
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Figure 11. The Time and frequency domain diagrams of Turbine Surface Scratch state

4.2 The SVM method

The SVM model using radial basis function (RBF) kernel, by 5 fold cross-validation

evaluating performance:

The average accuracy: about 50% to 80%.

• Training parameters: C=10, gamma='scale'.

, a character input: using FFT frequency domain feature.

• Advantages: Good learning effect on small samples, strong interpretability of the model.

Limitations: Poor generalization performance when working with data from different

devices.

The SVM model performs well on the classification of different states of a single device,

but when applied to the state recognition of different devices of the same model, the

accuracy decreases, showing the limitation of generalization ability.

The confusion matrix in the training of the SVM method is shown in the figure:
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Figure 12. rbf kernel SVM Confusion Matrix

It can be seen that this method has a certain degree of classification effect, but it still has

limitations.

4.3 CNN method

The CNN model uses a three-way parallel feature extraction architecture, and the

performance is evaluated by five-fold cross validation:

• Average accuracy: over 83%

• Training parameters:

Optimizer: Adam (lr=0.001)

Learning Rate Scheduling: ReduceLROnPlateau (factor=0.5, patience=5)

Early stop mechanism: patience=15
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• Feature input: FFT frequency domain feature, wavelet energy feature, time domain

statistical feature

• Network structure:

FFT feature path: 3-layer 1D convolution + pooling + batch normalization

Wavelet feature path: fully connected layer + batch normalization.

Statistical feature pathway: Fully connected layer + batch normalization.

Feature fusion layer: the three-channel features were concatenated and classified through

the fully connected layer.

Figure 13. Normalized Confusion Matrix

According to the confusion matrix, it can be seen that the cnn method is significantly better

CNN model on mixed data sets, acquisition of data with different equipment, different time

has a better classification effect and generalization ability is better than the SVM model.
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4.4 Summary of training data analysis

4.4.1 Data distribution characteristics

After analyzing the data, we found the following distribution characteristics:

(1)Distribution in time domain:

Under normal conditions, the amplitude of the vibration signal is small and the waveform

is relatively stable.

In the fault state, the amplitude of the vibration signal increases, and there is an obvious

impact component.

Different fault types show different vibration modes and amplitude characteristics in the

time domain.

(2)Frequency domain distribution:

Under normal conditions, the spectrum energy is mainly concentrated in the low frequency

region.

In the fault state, there is an obvious peak at a specific frequency point.

Different fault types show unique frequency characteristics and energy distribution in the

frequency domain.

(3)Data challenges

The same fault type signal differences on different devices.

The presence of environmental noise and interference signals increases the difficulty of

identification .

The data collected over a long period of time have the possibility of equipment state

changes.
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Table 1 Model comparison

Evaluation Metrics SVM model CNN model
Average accuracy About 70% Over 80%
Generalization ability General Excellent
Computational complexity low high
Feature dependency strong weak
Model interpretability high low

4.4.2 Model Adjustment

In order to improve the model training effect, the following preprocessing and feature

extraction were performed on the raw data:

(1)Data preprocessing:

Wavelet transform is used to reduce signal noise and effectively retain signal transient

characteristics.

The signal was standardized to eliminate the data differences between different sensors and

directions.

(2)Feature extraction:

FFT frequency domain features: perform fast Fourier transform on the denoised signal,

take the first 10000 points of the amplitude spectrum, and actually use 1000 dimensional

features in the 3000-4000 interval.

Wavelet energy feature: the energy distribution feature of each frequency band is extracted

by wavelet decomposition.

Time domain statistical features: seven statistical features (mean, standard deviation, RMS,

peak value, crest factor, kurtosis, skewness) were extracted.

(3)Feature combination:

Will three features combination is a multidimensional feature vector.

For the SVM model, mainly FFT frequency domain features are used.

For CNN model, using three characteristics at the same time, through three parallel road

network structure, respectively.
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4.5 Analysis of the three types of features that most obviously affect the results

Through feature importance analysis, three types of features with the most significant

impact on model performance were identified:

4.5.1 FFT frequency domain features

FFT frequency domain features have the most significant impact on model performance

and are the core features for identifying reducer faults:

Importance score: 0.42 (based on feature masking experiment)

Influence mechanism:

Frequency domain analysis can intuitively present the characteristic frequencies of the

reducer under different fault conditions: when a certain component is abnormal, its

excitation vibration will produce significant peaks at the corresponding characteristic

frequencies, and the amplitude and distribution of these peaks vary with the type of fault.

Furthermore, the energy distribution pattern in the complete spectrum (including the

energy proportion of the main peak, harmonics, and sidebands) provides a key basis for

distinguishing various types of faults; by comparing the concentration and diffusion

characteristics of frequency domain energy under different working conditions, the specific

damage location and fault degree of the reducer can be accurately identified.

Experimental results show that:

The experimental results show that when the FFT frequency domain features are removed,

the overall accuracy of the model drops sharply from about 80% to 48%; in the

comparative test using only FFT features, the accuracy remains above 75%. This

significant gap fully demonstrates the core value of FFT frequency domain features in

reducer fault diagnosis: since the mechanical defects of reducers usually excite significant

vibrations at specific frequencies, the relevant features are particularly prominent in the

frequency domain, which can not only enhance the model's capture of key modes, but also

facilitate the distinction between different fault types. Therefore, the reasonable retention
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and use of FFT frequency domain information is a key link in improving fault

identification performance.

4.5.2 Wavelet features

The wavelet energy feature is the second most important feature, which has unique

advantages in capturing the time-frequency characteristics of the signal:

Importance score: 0.28 (based on feature masking experiment).

Influence mechanism:

Wavelet transform has local analysis capabilities in both time domain and frequency

domain, and can capture the time position and frequency components of the signal in the

same framework, and is particularly sensitive to transient features in non-stationary

vibration signals. The multi-scale and multi-band coefficients obtained by decomposition

can intuitively reveal the distribution law of energy in each frequency band over time. This

time-frequency characteristic just reflects the generation, development and attenuation

process of the reducer fault excitation, providing rich and detailed diagnostic information

for subsequent fault identification.

Experimental verification:

The feature shielding experiment further highlights the key role of the wavelet energy

feature: when this feature is removed, the model accuracy drops sharply from about 80% to

62%. Under fault conditions with obvious impact components (such as turbine output

deviation), the sensitivity of the wavelet energy coefficient to transient vibration is

particularly prominent, which can effectively make up for the limitations of FFT frequency

domain features in processing non-stationary signals, capture the transient and time-

varying characteristics of fault signals, and thus significantly improve the model's ability to

identify complex patterns. In addition, although the dimension of the time domain

statistical feature is low, its importance score in the shielding experiment still reaches 0.28,

indicating that it also has a significant contribution to the overall diagnostic performance.
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4.5.3 Statistical features

The statistical features are the third most important features, and have unique advantages in

capturing the statistical (mathematical) properties of signals:

Importance score: 0.28 (based on feature masking experiment).

Influence mechanism:

The statistical characteristics provide a high-level summary of the overall distribution and

morphology of the vibration signal. Different fault states show significant differences in

these statistics. Among them, the kurtosis can quantify the strength of the impact

component, and the skewness can characterize the symmetry of the signal distribution.

Both are particularly sensitive to identifying the suddenness and unbalanced characteristics

of fault excitation, and therefore become important auxiliary indicators for distinguishing

various fault modes of reducers.

Experimental verification:

Feature shielding experiments show that after removing the time-domain statistical features,

the model accuracy drops from about 80% to 72%, highlighting its unique value in

distinguishing normal and faulty states. Although the statistical dimensions are low, they

can provide global distribution information of the vibration signal, complementing the FFT

frequency domain features and wavelet energy features: the former captures the overall

morphology, while the latter two focus on local frequency and transient changes. The

synergy of the three types of features not only improves the classification accuracy, but

also enhances the robustness of the model under complex working conditions.

4.6 Summary of the advantages of system data processing

Reducer fault recognition system has the following significant advantages in data

processing:
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4.6.1 Multi-dimensional feature fusion strategy

The system adopts a multi-dimensional feature fusion strategy to comprehensively utilize

different types of feature information:

Complementary features combination: combined with the feature of FFT frequency

domain, wavelet energy features and characteristics of time domain, the characteristics of

the complementary said.

Multi-scale analysis capability: capture the local details and global statistical

characteristics of the signal simultaneously.

Feature adaptive extraction: CNN model can automatically extract deeper feature

information from original features.

The multi-dimensional feature fusion strategy significantly improves the recognition

accuracy and robustness of the system, so that it can cope with a variety of complex fault

modes and working conditions.

4.6.2 Efficient signal denoising processing

The system uses wavelet transform for signal denoising, which has the following

advantages:

Retain the key information: effectively filter out the noise while retaining the transient

characteristics of the signal.

Adaptive noise reduction capability: Wavelet transform has significant advantages in

dealing with non-stationary signals.

Multiresolution analysis: It is able to analyze signal features at different scales and

improve the effectiveness of feature extraction.

The efficient signal denoising processing provides a high-quality data basis for subsequent

feature extraction and model training, and significantly improves the anti-noise ability and

recognition accuracy of the system.
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The system focuses on the improvement of generalization ability in data processing and

model design:

Diversified data acquisition: Signals of the same model, different devices, and different

times are collected to enhance data diversity

Cross validation assessment: the K fold cross-validation performance evaluation model,

and ensure the generalization ability of the model

Application of regularization techniques: Regularization techniques such as batch

normalization and Dropout are applied to the CNN model to prevent overfitting

Early stop mechanism: The early stop mechanism is implemented during training to avoid

the model overfitting the training data

These design make the system can effectively cope with different equipment, the fault

recognition task, under different working conditions have stronger practicability and

adaptability.

4.6.3 Computational efficiency and real-time performance

While ensuring recognition accuracy, the system pays attention to computational efficiency

and real-time performance:

Feature dimension reduction processing: the most effective 1000 dimensions are selected

from the 10000 dimensions of FFT transform to reduce the computational complexity

Parallel processing architecture: CNN model uses three-channel parallel processing

architecture to improve the efficiency of feature extraction and processing

Model lightweight design: balance model complexity and performance through reasonable

network structure design

Batch processing mechanism: batch processing is used for model training and inference to

improve computational efficiency

These optimizations enable the system to meet the requirements of real-time performance

and computational efficiency in practical industrial applications while ensuring high

accuracy.
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4.7 Chapter summary

Through systematic comparative experiments, this chapter reveals the performance

advantages of convolutional neural Network (CNN) over Support Vector Machine (SVM)

in reducer fault recognition tasks. Embodied in the following three key dimensions:

Comparison of classification accuracy:

Experimental data show that the average classification accuracy of CNN model by more

than 83% (5 fold cross-validation standard deviation plus or minus 2%), and the average

accuracy of the SVM model only about 70% (range 50% ~ 80%). On the test set, the

recognition accuracy of CNN model for complex faults such as turbine scratch (state 15) is

18% higher than that of SVM (CNN:83% vs SVM:73%). The difference comes from the

characteristics of multi-level learning ability of the CNN: frequency domain feature

extracting automatically by the convolution layer 3 network of local correlation, and the

SVM rely on artificial design 30 d characteristics (+ FFT predominant frequency statistics),

difficult to capture the signal deep fault mode.

Generalization ability differences:

In multiple tests, the CNN model maintained an accuracy of more than 80%, while the

accuracy of SVM fluctuates greatly. This shows that:

Feature Robustness: CNNS adaptively optimize feature weights through end-to-end

training, reducing sensitivity to individual device differences

Time-varying adaptability: For the time domain drift of the data collected in February and

May, the spectral feature attention mechanism of CNN (implied by the weight distribution

of the convolution kernel) can effectively focus and stabilize the fault frequency

Characteristics of efficiency:

Feature importance analysis shows that: Utilization of high-frequency components: CNN

has higher utilization of high-frequency data

Conclusion:

CNN's precision advantage stems from its hierarchical feature abstraction mechanism and

data driven optimization paradigm:
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The one-dimensional convolutional layer extracts local frequency domain patterns through

a sliding window (kernel_size=64) to form a multi-scale fault fingerprint database

Adaptive average pooling dimension compression characteristics, to retain the largest

contribution to the classification of the frequency band energy distribution

The three-way feature fusion layer realizes the cross-modal correlation of time-frequency-

statistical features, which has stronger nonlinear modeling ability than the linear division

of SVM single kernel space

Experiments show that when the fault feature dimension exceeds 50 dimensions, the

accuracy advantage of CNN begins to be significant (Δ>10%). This provides a theoretical

basis and method optimization strategy for intelligent diagnosis of high-dimensional

vibration signals in industrial scenes.
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5 System implementation process

The implementation process of the system is shown here.

Start by importing the required libraries for the code. NumPy is used for numerical

calculation, using Fourier transform into it, threshold calculation, array slicing, sorting,

random indexing, assembling features and labels into ndarray and other functions. Pandas

is introduced for reading data: pd.read_excel reads raw Excel sheets; iloc simple row and

column slicing, and finally converting to NumPy vectors. PyWavelets for signal denoising

and feature enhancement: pywt.wavedec/waverec for wavelet decomposition and

reconstruction; pywt.threshold performs soft threshold processing on high frequency

coefficients to filter out noise. joblib for model persistence: joblib.dump saves the trained

SVM to disk; Joblib. When the load forecasting load quickly, avoid retraining. Scikitlearn -

SVC - for classification model. scikitlearn- -cross_val_score is used for model evaluation.

PyTorch: optimizer (optim.Adam) with learning rate scheduling (ReduceLROnPlateau);

Neural network layers: Conv1d, Linear, BatchNorm1d, Dropout; Dataset, DataLoader,

random_split and other data iteration tools. Matplotlib for visualization: plot confusion

matrices versus feature importance bar charts. Tqdm for displaying progress bars:

loss/accuracy in real time during training and validation loops.
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5.1 SVM method

5.1.1 Training the model

Figure 14. SVM flow chart

Set up the data reading module:

This will read vibrating column vectors form by form (such as 1_1X); If it can't find it, it

returns  None and logs the error.

Use the wavelet transform for signal denoising:

The data is filtered to remove high-frequency interference. Daubechies4 wavelet (db4) was

used for five-level decomposition. - A soft threshold  σ/2 is used to suppress the noise of

the coefficients except the 0 th layer, and then the signal is reconstructed.

FFT was used for feature extraction:

For the first time, I extracted the dominant frequency with the largest magnitude and

extracted the corresponding frequency, but in the later test, I found that the accuracy was

low (less than 40%). After data analysis, I found that the vibration has multiple dominant

frequencies, and the magnitude of the abnormal vibration is not necessarily greater than the

dominant frequency in the normal vibration. After analysis, it was found that the normal

vibration did not exceed 4 main frequencies, so in the improved code, I extracted 5 main
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frequency components using FFT, recorded their magnitude and corresponding frequency

respectively, and performed feature splicing: output [f1,f2,...,f5,a1,a2,...,a5] a total of 10

dimensions, and maintained consistency in ascending order of frequency.

The first five large components of FFT are selected:

top_idx = np.argsort(fft_res)[-top_n:]

freq, amp = freq_axis[top_idx], fft_res[top_idx]

Sort in ascending order:

sorted_idx = np.argsort(freq)

features = list(freq[sorted_idx]) + list(amp[sorted_idx])

Feature set build:

10  dimensional features were extracted from X/Y/Z directions respectively and

concatenated to obtain a single sample 30  dimensional vector. Only when the data in the

three directions were successfully read were included in the data set.

Label mapping:

Working condition of the original label {1, 3, 9, 13, 15} and label_map mapped to {0, 4},

adapter SVM classifier.

Iterate over the data (I used the data of the three sensors corresponding to the five states

on February 22 for training), train the dataset and save the final model.

joblib.dump(svm_model, 'reducer_fault_svm.pkl')

5.1.2 Testing & evaluation

After completing the training described in 5.1.1, the enhanced SVM classifier was

subjected to a systematic evaluation that comprised hyper-parameter search, learning-curve

analysis and cross-device generalisation tests. The whole procedure is summarised in

Figure 15 and Figure 16.
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Figure 15. Test results of four core links

Hyperparameters and learning process:

The upper left and lower left figures show the performance when the C value changes and

the number of training samples increases: the accuracy of the training set is always close to

100%, while the accuracy of the validation set rises to about 50% after the key inflection

point and then stabilizes, indicating that the model has a certain degree of overfitting but

can still benefit from more samples.

Cross-validation stability:

The upper right figure shows that the cross-validation mean under different folds is

maintained in the range of 0.45 ± 0.05, and the error band is wide, indicating that the

difference in data distribution has a significant impact on the robustness of the model.
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Figure 16. Test results visualization

Kernel function comparison:

Figure 16 shows the test and cross-validation accuracy of four kernel functions (rbf, poly,

sigmoid, linear) in the form of bar charts and radar charts: the RBF kernel performed best

on the real test data and was therefore selected as the default configuration for the

subsequent diagnostic system; the Linear kernel performed second best and can be further

tried after the sample size is expanded.

5.2 CNN method

5.2.1 Training the model

The data loading and preprocessing of the CNN method is similar to that of the SVM.

Feature extraction:

First data classification, 80% after I connect all the data used for training, 20% is used to

verify, but then I discovered and used a more scientific Validation method: K - a Fold

Cross - Validation, to make the evaluation model of generalization performance is more

comprehensive, more accurate.

I chose three feature groups: FFT frequency domain features, time domain statistical

features, and wavelet packet energy features.
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The FFT frequency domain feature has 10000 dimensions. The denoised signal is

processed by real fast Fourier transform, and the first 10 000 points of the amplitude

spectrum are selected. In fact, the model only intercepts the interval of 3000-4000, with a

total of 1000 dimensions.

In the time-domain statistical features, I used seven statistical features: mean, standard

deviation, RMS, peak, crest factor, kurtosis, and skewness (the specific principles have

been explained above), and spliced different types of features into the model input.

The wavelet packet energy feature has 16 dimensions. After the wavelet packet is

decomposed into four levels, the sum of the energy of each node is taken.

A set of features are extracted from three directions (X/Y/Z) and concatenated, and finally

each sample contains

FFT:     3 x 1000 statistics:       3 x 7 wavelet:       3 x   16

Dataset encapsulation:

The features extracted from the same working condition, the same sensor, and three

directions were packaged as a sample. The condition label was mapped to 04 through

 LABEL_MAP . - __getitem__ returns three feature tensors and label tensors for easy

scheduling by PyTorch DataLoader.

Model design:
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Figure 17. CNN flow chart

Figure 17. is the flow chart (structural block diagram) of the convolutional Neural Network

method of this study. The model in this study is mainly divided into three feature

extraction paths, which are frequency domain feature path, waveform feature path and

statistical feature path. They process different types of input information in parallel, and

finally perform feature splicing in the fusion layer and classification.

FFT features of the left part is on the left side of the path: input for frequency domain

characteristics of three directions (X, Y, Z axis). This pathway extracts local frequency

domain patterns through three layers of one-dimensional convolution (Conv1D). The

LeakyReLU activation function is used to introduce nonlinearity. At the same time, a

MaxPooling layer is used to reduce the feature dimension, and a Dropout layer is added

after each layer to prevent overfitting. The last layer through adaptive average pooling

(AdaptiveAvgPool) will feature compression into fixed length. The three-layer convolution

is a series structure, which has the advantages of clear feature abstraction level, easy to

implement and debug, and easy to concatenate with parallel branches such as wavelet/stats.

The middle part is the wavelet energy feature path: the input of this path is the energy

feature extracted by wavelet transform in each direction. Firstly, the features are extracted
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through a linear fully connected layer, and then BatchNorm, LeakyReLU and Dropout are

used to obtain a wavelet feature vector.

On the right side is the statistical feature path: seven statistical features are extracted in

each direction, including mean, standard deviation, skewness, kurtosis, etc., which are also

processed by a layer of linear transformation, normalization, activation and Dropout.

Finally, the feature fusion and classification layer: the features of the three branches are

concatenated together in the fusion layer to complete the final classification task. The

output is five categories, corresponding to the normal state and four reducer fault types.

Fft_conv: 3 + BN +       1 d CNN LeakyReLU + Pool = 3 + Dropout input channel (XY- Z),

input channel = 3 (XYZ), adaptive output after 48   d average Pool.

wavelet_fc: Wavelet feature receiving [3 × wavelet_size]; The vector [32] is obtained by

Linear → BN → LeakyReLU → Dropout.

stats_fc: receive [3 × 7] statistical features; Get [24] vector by Linear → BN →

LeakyReLU → Dropout.

combined_fc: Concatenate the above three vectors into [48 + 32 + 24 = 104]; Then the

classification results are output by two fully connected layers. _initialize_weights().

In the model training function, the training loss and accuracy are calculated separately in

each Epoch, and the validation loss and accuracy are calculated separately. Added:

Learning rate scheduler (ReduceLROnPlateau) dynamically reduces the learning rate

(ReduceLROnPlateau, validation set 7  when no improvement ×0.5).

Gradient clipping prevents gradient explosion: max_norm=1.0.

Early stop mechanism patience=15. (If the accuracy is no longer improved after 15

consecutive epochs, the training is stopped early) to prevent overfitting and save training

time.

if no_improve_epochs >= patience:

break
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And update the best model weights every time the validation accuracy improves, and print

the confusion matrix and classification report.

5.2.2 Testing & evaluation

Figure 18. Loss and Accuracy Curves

The above figure shows the loss rate change and accuracy improvement of the cnn

algorithm during training. It can be seen that the model loss gradually decreases during the

training process, indicating the effectiveness of the training, and the accuracy gradually

improves, indicating that.

Using KFold to 5 fold cross-validation:

On the complete dataset, 5  folds were randomly divided according to the sample, and the

model was trained and evaluated separately: each fold was trained and evaluated separately,

and the validation accuracy of each fold was recorded. Finally, the average and standard

deviation of each fold were calculated, and the weight of the model with the best

performance was saved. The average accuracy and standard deviation were output to

evaluate the generalization ability of the model.

Evaluate the model on the test set alone:

We retrain with full data and load the weights that were optimal during cross-validation.

The samples were divided by 8:2 to generate an independent test set. The test accuracy was
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calculated, and the confusion matrix and classification report were generated. Save the

model weights as improved_vibration_model.pth.
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Conclusions

Aiming at the problem that the industrial reducer is prone to early hidden faults under

complex working conditions, and it is difficult to accurately locate the fault in time by

traditional manual inspection, an intelligent fault recognition system based on vibration

signal frequency domain analysis is proposed and implemented. The system takes wavelet

denoising and FFT spectrum analysis as the core, and fuses FFT frequency domain features,

wavelet energy features and time domain statistical features. Two classification models,

SVM and parallel three-way CNN, are constructed respectively, and systematically

verified on the same model and cross-device long-term span data set.

A complete software architecture of "data acquisition-preprocessing-feature extraction-

fault identification-visualization" is designed. The original data set covering five typical

working conditions is obtained by two large-scale sampling of the triaxial acceleration

sensor, which provides a reliable basis for model training. In this study, a multi-

dimensional feature fusion scheme is proposed: FFT extracts 1000-dimensional main

frequency amplitude, combined with 16-dimensional wavelet energy and 7-dimensional

statistical features to realize the unified expression of the local-global and time-frequency

information of the vibration signal. The experimental results show that the average

recognition accuracy of CNN is 83 % ± 2 %, which is significantly better than that of SVM

about 70 %. Among them, CNN has the most obvious improvement in generalization

performance for cross-device data, while SVM still has the advantage of interpretability in

the internal classification of a single device. K-fold cross validation, adaptive adjustment

of learning rate and early stopping mechanism are introduced into the training process,

which significantly suppresses overfitting while ensuring accuracy, and verifies the

robustness of the wavelet-FFT composite denoising framework under noise background.

From the engineering perspective, the proposed system takes into account accuracy,

computational efficiency and real-time performance: FFT feature dimension compression,

circuit-level parallel CNN inference, and batch processing mechanism, which makes it
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have the potential for embedded deployment and can provide intuitive and visual fault

reports for on-site maintenance personnel. From the academic point of view, the

importance of frequency domain significant dominant frequency + wavelet transient

energy for reducer fault identification is further quantified, which provides a reusable

index system for rotating machinery vibration diagnostic feature engineering.

However, the sampling equipment and working conditions are still relatively limited,

which leads to the adaptability of the model to extreme loads, speed mutation and other

scenarios. Although the end-to-end training of CNN improves the accuracy, its black-box

characteristics make the interpretability of fault mechanism insufficient. Current systems

focus on offline analysis, and the performance of online real-time reasoning and edge

computing has not been fully evaluated. The trained model has poor generalization

(different detection locations and different sensors will cause large errors).

In order to enhance the generalization ability, improve robustness, expand feature

extraction ability, the future can try Hybrid Architecture of the model using CNN (CNN

Multi - model Hybrid Architecture), a kind of the convolutional neural network (CNN)

combined with other different types of model, In order to improve the overall performance

of the neural network structure. To make up for the limitations of a single model and make

full use of the respective advantages of multiple models. Such as CNN + SVM (CNN do

feature extraction, the SVM or random forests for final classification), or series-parallel

model fusion (tandem structure: CNN characteristics extracted after the input to the LSTM

or SVM to classify parallel structure: CNN and another model independent characteristics

extraction of different types at the same time, the follow-up to the fusion feature fusion

output (Ensemble) : multiple CNN model training, finally predicted results of each model,

voting or weighted average, eventually precision.

The future research work can be expanded in the following directions: further optimizing

the CNN structure to improve the generalization ability of the model; Expand the data

scale to improve the adaptability of the system to complex working conditions. To explore

the diagnostic technology of the fusion of CNN and other machine learning methods to

improve the overall performance.
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