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Abstract

Industrial machinery frequently experiences machine failures during operation. Promptly diagnosing these
failures can improve industrial operational efficiency to a certain extent. Existing research has many
shortcomings. This paper considers two issues: data noise and the weight of multi-sensor data fusion, and
designs a Genetic Algorithm-based Multi-Sensor Data Fusion Diagnosis (GA-MSDFD) method. This method
first uses manually defined indicators to filter noise and uses a custom method to eliminate it. Feature extraction
is then performed on the evolved data, and a genetic algorithm is used for multi-objective feature selection.
This algorithm has inherent advantages over other machinery because its design considers the impact of noisy
data. Experimental results show that our model achieves a fault diagnosis accuracy of 96.8%, far exceeding
several other machinery models. The model also far outperforms these models in noise robustness, noise
resistance, and convergence performance. The proposed model is of great significance for the maintenance of
industrial machinery operations.
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1. INTRODUCTION

With the further development of the industrial
age, the manufacturing industry has continuously
increased its requirements for the stability of
industrial machines, the efficiency of fault diagnosis,
and the speed of processing. The causes of machine
failure are diverse. On the one hand, they are due to
production problems such as material quality and
design defects. On the other hand, there are also
failures caused by long-term use of the machine
during operation, including wear and breakage of the
load-bearing shaft and gears. Therefore, an
important goal of industrial development at this
stage is to establish a low-error, high-response
machine fault diagnosis system [1].

Traditional detection methods rely on human
experience. Technicians with extensive fault
diagnosis experience use comprehensive analysis to
diagnose machine faults by listening, touching, and
observing, as well as by reviewing machine
maintenance records. This method has the
advantages of low cost and high accuracy, but its
disadvantages are that it cannot monitor machine
faults in real time and handle them in a timely
manner, and it is often highly dependent on
experienced human experts [2]. At the same time,
there are also detection methods that obtain detection
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results based on the analysis of physical signals.
These physical signals include vibration signals,
spectrum, temperature, etc. These physical signals
come from physical sensors, and how to fuse these
physical signals is a major problem.

Current research has used genetic algorithms to
improve fault diagnosis algorithms. These
approaches can be divided into three main areas: (1)
Using genetic algorithms to optimize features
extracted from sensor data and select effective
features to improve the accuracy of multi-sensor
machine fault diagnosis. (2) Using genetic
algorithms to determine the weights of multi-sensor
fusion to determine the importance of information
provided by different sensors. (3) Using genetic
algorithms to optimize parameters in neural
networks to improve the accuracy of classifiers. This
paper proposes an improved multi-sensor data fusion
method based on the second approach.

GA is an intelligent optimization method that
mimics the process of biological evolution. It treats
possible solutions as "individuals" and iterates
through "survival of the fittest" (selection), "gene
exchange" (crossover), and "random mutation"
(variation) to gradually find a better answer.

Traditional weight determination is mainly based
on rules, through equal weight averaging or
maintenance personnel determining weights based
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on experience. The main reason is that the operating
state of the equipment is dynamically changing.
Equal weight or experience-based methods are based
on the weight value determined at a certain moment
and cannot be perfectly adapted to other states. In
order to improve the accuracy of machine fault
detection using multi-sensor data fusion methods in
complex industrial environments, this paper
proposes a fusion method based on weight
distribution optimization. The core idea of this
method is to evaluate the noise level of each sensor
data after obtaining data in real time, and on the other
hand, combine human knowledge to determine the
weight matrix of each data source and data type [3].

The model in this paper mainly consists of the
following modules: (1) Data collection center that
integrates multiple IoT sensors. (2) Data noise
assessment module: evaluates the data types and
noise levels of different sensors. (3) Data
purification module: removes noisy data. (4) Genetic
algorithm weight optimization module: derives the
final weight matrix based on the purified data. (5)
Machine fault analysis module: derives the final
analysis results based on the results of the above five
modules.

The significance of this study lies in the proposed
adaptive multi-sensor weighting method, which
promotes the transformation of data weighting from
"static weighting" to "dynamic weighting." At the
same time, considering data noise and real-time
weighting, this further improves the accuracy,
reliability, and robustness of machine fault analysis
results.

2. RELATED WORKS

2.1. MSDA

Multi-sensor data fusion, abbreviated as MSDF
(Multi-Sensor Data Fusion), can be defined as the
merging, processing, and analysis of data from
multiple sources to achieve the perception of the real
state of physical entities. Hu et al. [4] applied the
weighted statistical and filtering-based fusion
method to the military and compared the results.
They pointed out that the weighted average method
is only applicable when the data generated by each
sensor is independent and identically distributed. If
there are errors in the data or the data is complex
nonlinear data, there will be a huge deviation from
the actual situation. Hua, L et al. [5] applied the
Kalman filter ( KF ) to the field of machine fault
detection and pointed out that the Kalman filter can
be used as a data fusion device for linear data . It
transforms nonlinear data in a certain way to obtain
linear data. According to the idea of transformation,
two new methods, EKF and UKF, were identified.
Mo, C et al. [6] applied the improved Kalman filter

(KF) method to a real machine fault detection
scenario and conducted online tests to preliminarily
diagnose early faults. In addition, some filter
methods based on random sampling have gradually
emerged. Ren, B et al. [7] applied it to nonlinear data

that does not obey the Gaussian distribution and
achieved good results. The core of this method is that
the Monte Carlo method is used to simulate in the
sampling space, thereby approximating the true
probability distribution. Shi, G et al. [8] used a
similar method to fuse various types of data in the
hydraulic system, specifically the fusion of pressure,
flow, temperature and other signals. The core of this
method is to use the particle swarm algorithm to
implement an adaptive method, which improves the
accuracy of machine fault analysis in the hydraulic
system. However, subsequent studies have pointed
out that its computational space complexity is too
high and there is an example degradation problem,
which makes it unsuitable for real-time systems.

2.2. Application of Genetic Algorithms in

Machine Fault Detection

Genetic Algorithm (GA) algorithm is widely
used to optimize the hyperparameters of other
intelligent algorithms. For example, Shi, R et al. [9]
used support vector machines to analyze multi-
sensor data to perform classification analysis of
load-bearing shaft faults, and used GA(Genetic
Algorithm) to select the kernel function parameters
and penalty factors of SVM, which improved the
accuracy of hyperparameter selection by 5%
compared with the traditional grid search. Ugli, O et
al. [10] used GA for feature selection, specifically to
select the most representative feature subsets from
high-latitude vibration features and use these subsets
for fault analysis. The advantage of this method is
that it improves the discrimination accuracy and has
low time complexity. This research performs binary
selection (select or not select) on manually extracted
static features, while this paper performs continuous
weight optimization on high-dimensional temporal
deep features automatically extracted by RNN. The
chromosome encoding uses real-valued weights
instead of 0/1 masks. This paper jointly optimizes
GA with deep learning models to achieve end-to-end
collaboration between feature extraction and
selection, GA runs independently of the classifier.
This paper is geared towards multi-sensor dynamic
fault diagnosis, emphasizing temporal modeling and
noise robustness, while this paper focuses on single-
source data under static working conditions.
Therefore, the method in this paper is more adaptive
and generalizable.

Yuan, Y et al. [11] designed a weighted average
fusion strategy based on GA, taking the weight of
each sensor as a "chromosome" and the final
classification effect as the fitness function. The
weight of each calculation is obtained by adjusting
all previous results. However, it does not consider
the data noise problem or the reliability of the data
source. Experimental results show that the
classification accuracy of this method is 8.3% higher
than that of equal weight. Some studies have also
used GA to optimize the structure of neural
networks. For example, GA-DNN uses GA to
optimize the selection of hidden layer nodes and the
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adjustment of hyperparameters in deep networks.
The results of this method show that this method has
high generalization ability.

2.3. Multi-sensor data

Currently, single sensors are rarely used in the
industrial world because multi-sensor data can
provide more comprehensive information and is
more helpful for fault detection in complex machine
systems. However, the application of multi-sensor
data still faces many challenges. First, due to
differences in the settings of different sensors, the
dimensions, location information, and sampling
frequency of their data are different, making their
alignment very difficult [12]. Second, due to the
large number of sensors, the data they generate
increases exponentially, and there is a large amount
of duplicate data, invalid data, and interference data.
The existence of these interference data greatly
interferes with the accuracy of machine fault
prediction. Finally, the information entropy of multi-
sensor data is high, and its information entropy is
determined by many factors, such as noise, missing
data, and simultaneous sensor equipment failure.
Therefore, the multi-sensor fusion algorithm must
take into account data alignment and interference
data [13].

2.4. Research Motivation

Genetic algorithms have been extensively
studied in the field of multi-sensor data fusion for
machine fault diagnosis, and many have achieved
promising results. However, challenges remain, such
as low diagnostic accuracy and a lack of data de-
noising. Most studies in this area assume that the
data provided by multiple sensors is reliable and
clean, failing to consider the large amount of noisy
and missing data generated under high-intensity
industrial operating conditions. For example, study
A directly extracts features from raw data using a
CNN. These extracted features are then used directly
for fault analysis without considering the weighting
of different features. During the evaluation phase,
the authors demonstrated that the presence of a large
amount of redundant data resulted in low feature
validity, which in turn affected accuracy.

In this field, genetic algorithms are primarily
used for feature selection or optimizing classifier
hyperparameters, but rarely for determining multi-
sensor weights. Many models fail to incorporate
specific device knowledge, such as sensor type,
sensor location, and the physical meaning of
connection parameters, during design. Incorporating
this specific domain knowledge can improve model
interpretability.

Therefore, this paper proposes a multi-sensor
fault analysis and diagnosis method that combines
data noise processing and dynamic fusion weighting.
This paper introduces data noise processing and data
purification to remove noise from the data, and uses
an RNN to extract data features. The extracted
features are then dynamically weighted using a

genetic algorithm. Human experience, such as the
more agile response of vibration sensors to machine
impacts, is incorporated into the design of the
genetic algorithm's fitness function. The core of this
method lies in data quality perception and dynamic
feature weight iteration. The proposed method aims
to improve the accuracy of machine faults using
multi-sensor data fusion methods in highly complex
and nonlinear industrial environments, and is
dedicated to building an intelligent, highly accurate,
and robust machine fault diagnosis system.

3. MATERIALS AND METHODS

To reduce the impact of randomness in GA, all
experiments are reported as the mean accuracy +

standard deviation of 10 independent runs. An
elitism strategy and a fixed random seed are
employed to ensure reproducibility.

GA is executed once during the offline training
phase to generate the optimal feature subset and
corresponding weights. This subset is used
consistently during the online diagnostic phase and
does not require real-time updates. If it is necessary
to adapt to new working conditions, GA can be
retrained periodically (e.g., monthly) using newly
collected data.

3.1. System Architecture

The model architecture of this paper is shown in
Figure 1.

The flowchart of the proposed method is shown.
The human-shaped icon represents the initial feature
set pre-selected by domain experts based on
engineering experience (an optional step), and
subsequent feature selection is completed
automatically by a genetic algorithm.

First, real-time sensor data is acquired through
sensors distributed at different locations on the
machine. This data is fed into the data evaluation
module for noise assessment and purification. The
evolved data is then fed into a recurrent neural
network for feature extraction. The diverse features
output by the recurrent neural network are evaluated
using a genetic algorithm to select the most
important feature subset. This feature subset and its
weights are then fed into a classifier for
classification, ultimately yielding the results of the
fault diagnosis analysis.

The model mainly consists of four blocks. The
first layer is the data acquisition layer. It is
responsible for acquiring real-time data from
multiple sensors, including spectrum pressure,
temperature, vibration and other types of real-time
data . The second layer is the data evaluation layer.
The second layer includes two steps: noise
evaluation of the data and removal of noisy data. The
third layer is the feature selection layer. The data
output by the second layer is extracted through RNN,
and the genetic algorithm is used to screen the
features and obtain the weights.
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Fig. 1. Model architecture

The core features of the system proposed in this
paper are dynamic and highly adaptable [14]. The
weight matrix output by the third layer feature
selection layer is dynamically updated. The third
layer contains a manually defined rule database
based on the experience of human experts. Before
using the genetic algorithm for feature selection, the
rules defined by human experts are used for
preliminary screening. This can further improve the
reliability and interpretability of the diagnosis results
and help maintenance workers to repair the machine.

3.2. Data Noise Assessment Module

This model defines a series of metrics to quantify
the noise problem in multi-sensor data. Since
different sensors have different data types and
different types of noise, we need to develop different
evaluation metrics for different types of sensors.

Vibration sensors are primarily responsible for
collecting periodic mechanical vibrations. In
vibration sensors, high-frequency impact sounds
may be mistaken for periodic vibration sounds. We
use the CF indicator as an indicator for evaluating
vibration sensor data. This indicator reflects the
change in noise impact intensity of the vibration
signal, as shown in Formula 1 [15].

CF = maxlxi| (1)
A Zl 1 l

Where, is the maximum value of the signal and
the denominator is RMS.

When a machine component fails, such as
experiencing damaging wear and cracks, the
vibration signal will show high-frequency peaks, and
the CF value will be significantly higher than the
normal range (2-3).

The K indicator is used to represent the change
of the probability density function corresponding to
the signal, as shown in Formula 2 [16].

k=1, (58"

Where is the mean of the vibration signal and is
its standard deviation. When the data follows a
normal distribution, K=3. When there is obvious
noise in the data, such as gear meshing impact and
bearing ball peeling, K will be greater than 3 [17].

The normal temperature change of the
temperature sensor is slow, while the abnormal data
change is manifested as an outlier. For the
temperature sensor data, we use the TCE
(Temperature Change Error )value to evaluate the
noise. This indicator reflects the degree of deviation
between the outlier point and the overall trend of the
data, speciﬁcally as Equation 3 [18].

TCE —_Z 1|x1 _xll/max(xl) (3)

The figure shows a trend line when the sliding
window is 30. When the temperature sensor is
disturbed by the environment and anomalies occur,
the TCE will increase.

The sensor data output by the pressure sensor
consists of two parts: a dynamic fluctuation curve
and a static baseline. If there is noise in the data, it
will cause baseline drift. Therefore, we define an
indicator to measure the degree of baseline drift, as
shown in Formula 4 [19].

BDR = |xthelatterSO"f;_xlheﬁrstSO%| (4)
all

In the formula, and are interpreted as the average
of the first half and the last half of the data, and is the
mean of all data [20].
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Table 1. Noise level determination rules

Noise level (Signal-to-noise ratio (Coefficient of Wavelet Entropy
)SNR variation)CV
Class 1 (noiseless) SNR>30dB CV<0.1 Wavelet entropy < 0.2
Level 2 (mild noise) 20dB<SNR<30dB 0.1<CV=<0.3 0.2 < wavelet entropy < 0.4
Level 3 (medium noise) 10dB<SNR<20dB 0.3<CV=0.5 0.4 < wavelet entropy < 0.6
Level 4 (severe noise) 0dB<SNR<10dB 0.5<CV=0.7 0.6 < Wavelet entropy < 0.8
Level 5 (extreme noise) SNR<0dB Cv>0.7 Wavelet entropy > 0.8

Bubble interference is a common type of
interference in pressure sensors. When this
interference occurs, the Temperature Change Error
(BDR) value suddenly increases, which can serve as
a warning of noise in the data. We also define the
SNR(Signal-to-Noise Ratio) as a universal reference
metric. The SNR measures the degree of noise in the
data and is applicable to all types of sensors. Its
calculation formula is shown in Equation 5.

— Z?’:ﬂ‘iz
SNR =10log 19 (Ziﬁ":l(xl'-f#) (5)

In Formula 5, the numerator is the sum of the
effective signal energy, and the denominator is the
sum of the noise energy. The output of the data noise
assessment module is a noise level assessment
matrix, which outputs the noise level of each sensor.
For data segment a from sensor A, we define its noise
level as. If data segment a satisfies the evaluation
criteria, it can be considered noise-free. If any of the
following conditions are met, or, it is considered
noise-free. The specific noise level determination
rules are shown in Table 1.

3.3. Data purification module
The purpose of the data purification module is to
filter noisy data based on the noise level information
provided by the data noise assessment module. We
use differentiated approaches based on the specific
noise level to maximize noise removal from multi-
sensor data. In real industrial environments, the
noise generated is complex and diverse, such as
high-frequency impact, baseline drift, and random
fluctuations, and the noise levels and data types vary.
Therefore, we need to dynamically select
purification methods based on the specific situation
to avoid residual noise caused by a single treatment.
Level 1 noise processing. Level 1 noise is noise-
free. Its primary purpose is to remove trace amounts
of random noise that may be present in the data. To
maximize the preservation of the original signal, we
employ a moving average filter with a window size
of 5. Specifically, for a 1 Hz signal, we retain a 5 ms
time window. The calculation formula is Equation 6.
Kinered(t) = < Zo X (6 =) (6)
The principle of this method is to smooth the data
by averaging, thereby suppressing noise. It can
remove the noise in the signal without destroying the
original signal. This method only requires a small
amount of time complexity and is very fast, and can
achieve real-time to a certain extent.
Level 2 noise is typically a glitch signal
generated by point radiation, typically representing

high-frequency interference. To address this issue,
we first used the db4 wavelet basis to perform a
three-layer wavelet decomposition of the data signal,
obtaining wavelet coefficients for different
frequency bands. We then set a threshold and applied
soft thresholding to each wavelet coefficient. The
specific formula is shown in Equation 7.
A=o,/2logN 7

In this formula, is the standard deviation of a data
segment for a particular sensor. This standard
deviation is estimated by the median of the higher-
frequency coefficients after DB4 decomposition. is
the effective length of the signal. The processed data
is reconstructed using wavelet transforms to obtain
the final purified data. This method can separate
noise from the effective signal in high-frequency
data.

For data with a medium noise level, level 3, the
noise exhibits highly nonlinear, time-varying
characteristics. This type of noise may be pulsating
noise, for example. We use an adaptive Kalman filter
to handle this type of noise. Our new Kalman filter
uses real-time noise observations and dynamically
adjusts based on the variance. The specific formula
is Equation 8.

Ry = (1 — 0)Ry; + az — H&y)? (®)

In the formula, is the covariance update
coefficient, is the specific observed value, is the
observation matrix, and is the evaluation value of the
state.
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Fig. 2. Framework for feature extraction
using Bi-LSTM

For the fourth level of noise, this type of
noise is very serious, and this noise often means
that the overall structure of the data has been
seriously damaged. This type of noise may be a
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long period of signal loss caused by poor sensor
contact, or signal jump. To handle this type of
noise, it is necessary to combine the relevant
methods of anomaly detection in deep learning.
In the model, our approach is to first use the
random forest algorithm to identify anomalies
in the data. We judge the degree of abnormality
by calculating the sum of the path lengths of
abnormal samples. We define a threshold,
which is obtained through training of normal
samples. If the calculated sum of the path
lengths of the abnormal samples is greater than
the threshold, the data point is judged to be
severe noise, and we use linear interpolation to
replace the abnormal data points with normal
data points. The specific formula is shown in
Formula 9.
x(t+1)—x(t—-1)
Xrepair (D) = x(t — 1) + i (=1) (t—(-1)
9

In Formula 9, we use the trend continuation
method to reconstruct the sampling points with a
length less than 10, instead of the linear interpolation
method. This ensures that the signal is smooth to a
certain extent.

Level 5 noise data, where the proportion of noise
exceeds the proportion of normal signals, is often
caused by sensor failure. To address this type of
noise, redundancy mechanisms must be activated,
replacing the abnormal data with redundant backup
data. Alternatively, data from sensors of the same
type and time period can be used, aligned using
timestamps, to replace lost data caused by sensor
failure. If backup data is unavailable, we use the
LSTM deep learning model to leverage data from
100 or more past time points to predict the current
time point.

The LSTM architecture used in this paper
consists of two stacked hidden layers, each with 128
memory units, followed by a Dropout layer (dropout
rate of 0.5) and a fully connected output layer,
mapping the temporal input to a 64-dimensional
feature vector. The input is a single-sensor vibration
signal segment of length 2048.

The cleaned data requires rigorous quality
assessment. We recalculate the signal-to-noise ratio
to evaluate the results of data evolution. The specific
formula is formula 10.

B 2
PSNR =10log 1, (“=5) (10)

In this formula, represents the number of bits in
the data. represents the mean squared error between
the noisy original data and the reference data. We
define a threshold of 25dB. If the Peak Signal-to-
Noise Ratio ( PSNR) of the cleaned data is greater
than 25, the data meets the requirement. Otherwise,
the data is discarded.

3.4. Feature extraction and selection

As shown in Figure 2, the cleansed data is
characterized by high-dimensional, low-noise time
series data. To improve machine fault diagnosis, we

propose a feature screening method. This method
requires a neural network to extract features from
massive multi-sensor data. This paper uses a Bi-
LSTM neural network architecture to extract data
features.

Assume there is a sensor with a time window size
of T. The data collected by a sensor within a time
window can be recorded as Formula 11. Then, K
sensors can be spliced into a matrix, as shown in
Formula 12. The input of the Bi-LSTM receives the
matrix shown in Formula 12.

k k
x® =[x x®1eRrRT (1)
X € R™K (12)

Although previous studies have shown that
features extracted by Bi-LSTMs have high
discriminability for classification tasks, they can still
be affected by redundant and noisy features.
Therefore, this paper introduces a genetic algorithm
to select a subset of features from the Bi-LSTM
output and obtain their weights. We define the Bi-
LSTM output features as Equation 13, and the
weighted features as Equation 14.

w = [wy, Wy, ..., wyp]T €[0,1]2P (13)
fweighted = f Ow (14)

In Formula 13 and Formula 14, each weight data
is regarded as a chromosome in the GA algorithm,
and the total population is defined as N. In this
model, we use real number coding.

Each weight vector is considered a chromosome
in the GA, and the total population size is defined as
Np, which contains Np candidate solutions.

In terms of fitness function, we use a multi-
objective fitness function and our classifier is
SVM(Support Vector Machine). The specific fitness
function is shown in Formula 15.

Fw)=a-Aw)+ - -Sw)+y-R.(w) (15)

Formula 15 represents the accuracy of machine
fault diagnosis using SVM classification. This
accuracy was validated using a 5-fold cross-
validation. The specific formula is shown in Formula
16. This section, which measures feature sparsity
and encourages the model to avoid selecting
redundant features, is shown in Formula 17. Here , is
the threshold and is the indicator function. The
proposed features must satisfy predefined expert
rules, as shown in Formula 18.

—lys _ TRiATN;
A(w) = SzllePi+TNi+FPi+FNi (16)

sw)y=1-L0 o =522, 1w > 1) (17)
R,(w) = YE_, A, - I(Rule, satisfied)  (18)
In addition, to prevent algorithm instability, the
system re-optimizes the GA at regular time intervals
to ensure real-time updates of weights, as shown in

Formula 19.
w'(t) = argmax F(W; Djz_n,, 1)) (19)

w

4. RESULTS AND DISCUSSION

In the experimental evaluation section, we
designed several experiments to evaluate the
proposed model from different perspectives. These
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experiments focused on four dimensions: accuracy,
noise resilience, convergence performance, and
interpretability.

4.1. Experimental Setup

The experimental dataset used a public dataset
from the Case Western Reserve University Bearing
Data Center. This dataset records signal data for four
types of faults under different load conditions and
speeds. The data primarily consists of vibration
signals. This type of dataset is essentially a four-
category classification problem, including normal,
inner race fault, outer race fault, and rolling element
fault. To make the experimental data more realistic,
we built a custom experimental platform to collect
data such as temperature and current signals, which
we combined with the original public data to form a
multi-source dataset. We also added a new type of
fault called a composite fault. The time window size
set for each data sampling was 1000, resulting in a
total of 5000 data samples.

To compare this study with the latest
experimental results, we selected the five most
powerful typical baselines in this field. They are:
EW performs equal weighted averaging of all sensor
data. PCA directly cools the extracted features and
then performs classification. DNN directly extracts
features from the data [21] and then directly
classifies. CNN-LSTM combines CNN and LSTM
to extract features and finally performs classification
[22]. GA-SVM only uses genetic algorithms to
optimize the hyperparameter selection of SVM and
perform classification.

In this study, we used typical classification
metrics such as accuracy, F1, and AUC for analysis.
We also employed convergence algebra to compare
the convergence speed of different models. Signal-
to-noise ratio robustness was used to analyze the

Feature Weights Heatma

Fault Type

° @

Feature Index (1~100)

model's ability to handle varying levels of noise.
This was achieved by artificially adding noise to a
public dataset.

To ensure the reliability of the experiments, all
our experiments were conducted in Python 3.8, and
the genetic algorithm was implemented based on the
DEAP library(https://github.com/DEAP). To ensure
the reliability of the experimental results, we
repeated each set of experimental results 10 times.

LSTM encodes the time series input from each
sensor and outputs a 64-dimensional feature vector.
If the system contains N sensors, the initial feature
dimension after concatenation is 64 x N. In the
experimental setup, GA ultimately retains 30 key
features for subsequent fault classification. The
number of features output by RNN depends on the
number of sensors, while the number of features
after GA selection is a fixed value of 30 dimensions.

4.2. Experimental Results

As shown in Figure 3, we use a heat map to
illustrate the weight distribution of Bi-LSTM output
features. Features in red areas are of high
importance, while features in blue areas are of low
importance. From the weight distribution of Bi-
LSTM output features, we can identify features with
high importance and their corresponding weight
scores for subsequent classification in machine fault
diagnosis. The figure shows that some features have
a significant correlation with a specific fault, while
other features have very low weights across all
faults. This means they contribute little to fault
diagnosis and are therefore considered unimportant
data. These features often appear near white in the
heat map.

from LSTM Output

®

Fig. 3. Visualization of Bi-LSTM output feature importance

Table 2. Machine fault diagnosis results of 6 methods

method Accuracy (%) F1-score AUC

EW 86.3 0.851 0.912

PCA + SVM 89.7 0.886 0.935
DNN 91.2 0.903 0.948
CNN-LSTM 93.5 0.928 0.963
GA-SVM 92.1 0.916 0.954
GA-MSDFD (Ours) 96.8 0.962 0.987
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ROC Curve Comparison of Various Methods

True Positive Rate (TPR)

Fals’el Positive Rate \(F'PR)
Fig. 4. Comparison of ROC curves of various
methods

Table 2 shows the results of six diagnostic
methods for machine fault diagnosis. As can be seen
from the table, our method outperforms the other
five baselines in all three metrics. In terms of
accuracy, our method is 3 points higher than the best
of the other methods. In terms of F1 score, our
method is 3 points higher than the best of the other
methods. This result demonstrates that our method
has good generalization capabilities and performs
well even on class-imbalanced datasets, significantly
exceeding the other five baselines.

Figure 4 compares the ROC curves of our model
with five other baselines for machine fault diagnosis.
Our GA-MSDFD achieves an AUC of 0.989,
significantly outperforming the other five machine
fault diagnosis methods. The CNN-LSTM and DNN
models also demonstrate excellent classification
performance. The AUCs of these two machine fault
diagnosis models reach 0.969 and 0.95, respectively,
also excellent. The random classifier, on the other
hand, achieves an AUC of only 0.5. This result
demonstrates that our proposed model not only
maximizes the true positive rate but also
significantly reduces the false positive rate.

As shown in Table 3, when the population size is
30, the average number of convergence generations
is 58.2, the optimal fitness score is 0.941, and the
convergence time is 42.3 seconds. As the population
size increases, the average number of convergence
generations decreases, the optimal fitness score
increases, and the runtime gradually increases. This
demonstrates that our model has good convergence,
the algorithm performs well, and is adaptable to
populations of varying sizes.

As shown in Figure 5, we compared our model
with five other machine fault diagnosis models. The
specific results, shown in Figure 4, show that our
model converged in nearly 100 generations with a
population size of 200, and its fitness, or accuracy,
was significantly higher than that of the other five
models. This demonstrates that our model not only
has strong convergence performance but also high
accuracy.

Table 4. Noise immunity analysis of six machine
fault detection methods

method SNR=owo SNR SNR Attenuation

(original) =10 =5 rate (5dB)
dB dB
DNN 91.2 834 756 17.1%
CNN- 93.5 86.7 793 15.2%
LSTM
GA- 96.8 94.1 915 5.5%
MSDFD

As shown in Table 4 , we artificially added
varying proportions of noise to the dataset. In this
case, we compared the performance of our method
with several baselines . From the results, we can see
that in the absence of noise, our model is already far
superior to the other models. As the noise intensity
increases, our model's performance slowly

Table 3. Convergence algebra of our model

Population size Np

Average convergence

Optimal fitness Fmax Run time (s)

algebra G*
30 58.2 0.941 423
50 42.6 0.962 68.7
70 39.1 0.963 95.4

Convergence Comparison of Different Methods

58 / Acc

Fitnes

o 2 )

125

Fig. 5. Comparison of convergence time of six models
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decreases, while the performance of the other models The results show that the vibration sensor

slowly increases. The final result is that our model's
decay rate is 5.5%, while that of the other models
exceeds 15%. This proves that our model is very
robust in the face of noise interference. This also
shows from another perspective that our data noise
screening and data evolution strategies are effective,
proving the rationality of the model design.

As shown in Figure 6, we conducted 100
experiments on six machine fault diagnosis
algorithms and presented the results in a boxplot.
The figure shows that our algorithm has the strongest
noise resilience. Its upper and lower quartiles and
average are the highest among the algorithms.
However, our algorithm has a high fluctuation range,
which may be a problem. Overall, however, our
method has the strongest noise resilience.

As shown in Table 5, we conducted an ablation
analysis to analyze the contribution of features
provided by different types of sensors to the results.

Table 5. Comparison of average weights of modal
features of each sensor

Sensor Type Feature Average Expert
dimension weight expected
range weight
ranking
Vibration 1-6 0.81 1
(x3 axis x (highest)
2)
Current 7-8 0.53 2
pressure 9-10 0.42 3
temperature 11 0.31 4
(lowest)
3 Mean: 1914
GA—N\SDFD v GhSIM CNN_\_SW\

Method

Mean: 1.507 Leor
[ Mean: t077
(e

contributes the most to the results, while the
temperature sensor contributes the least to the
results, which is also consistent with the expected
weights of the experts.

4.7. Discussion

As shown in Table 6, we conducted an ablation
analysis of the model across five sets of experiments.
The results show that the complete model achieves
the strongest performance. Removing the data noise
assessment and data purification modules results in
a 6.9% drop in performance. Removing the genetic
algorithm weight optimization module results in a
4% drop in performance. Conversely, replacing the
bidirectional LSTM implemented in this paper with
a standard LSTM only results in a 1.3% drop in
performance. Removing the expert rule results in a
1.8% drop in performance. This demonstrates that
the core innovations of this paper lie in the data noise
and evolution module and the genetic algorithm
weight optimization module, which contribute most
significantly to the results.

5. CONCLUSION

This paper proposes a machine fault diagnosis
system based on multi-sensor data fusion based on
genetic algorithms. This method can solve the noise
problem of industrial sensor data to a certain extent
and improve the accuracy of fault diagnosis. The
experiments in this paper show that:

014935 Mean: 0567

[

ot g6s1

onn oCA* UM ew

Fig. 6. Noise resistance performance of different algorithms in 100 experiments

Table 6. Ablation experiment results of 6 different model variants

Model variants Accuracy (%) F1-score AUC Performa.n ce
degradation
Our Model (Full) 96.8 0.962 0.987 -
Remove data noise
evaluation and 90.1 0.893 0.932 6.9%
purification module
Removed the genetic
algorithm weight 92.0 0.915 0.953 4.8%
optimization module
Replace Bi-LSTM o
with LSTM 95.5 0.949 0.976 1.3%
Remove expert rule 95.0 0.943 0.971 1.8%

constraints
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(1) The dynamic weight mechanism proposed in this

paper can effectively improve the accuracy of
diagnosis and overcome the adaptability of static
weights. The final result exceeds the optimal
baseline by more than 3%.

(2) Noise processing of multi-sensor data can

enhance the robustness of fault diagnosis.
Experimental results demonstrate that the noise-
processed method, proposed in this paper,
significantly outperforms other methods in terms
of noise robustness. Even with artificially added
5dB noise, its performance degraded by only
5.5%, a far lower degradation than that observed
in several other models.

(3) Using genetic algorithms to optimize the feature

extraction process of Bi-LSTM can greatly
reduce the amount of data for effective features,
thereby shortening the model's convergence
generations and convergence time, and greatly
improving the model's training and inference
efficiency.
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Appendix A.

Experimental Details and System Configuration

A.1 Dataset Description

The primary dataset used in this study is derived from
the Case Western Reserve University (CWRU) Bearing
Data Center, which provides vibration signals under
various fault conditions and operating loads. The original
CWRU dataset includes four fault categories:

Normal condition (NC)

Inner race fault (IRF)

Outer race fault (ORF)

Rolling element fault (REF)

To simulate a realistic industrial scenario, we extended
the dataset by integrating multi-modal sensor data
collected from a custom-built test rig, including:

Three-axis vibration sensors (sampled at 12 kHz)

Current sensors (sampled at 1 kHz)

Pressure transducers (sampled at 500 Hz)

Thermocouples (sampled at 10 Hz)

Additionally, we introduced a composite fault class
(CF), representing simultaneous occurrence of IRF and
ORF, to evaluate the model’s capability under complex
failure modes. Each sample was segmented using a sliding
window of length T = 1000, resulting in a total of 5,000
labeled samples (1,000 per class).

Sensor Deployment and Synchronization

All sensors were mounted on a rotating machinery test
bench driven by a 3-hp induction motor. Time
synchronization across heterogeneous sensors was
achieved via hardware-triggered sampling using a
National Instruments DAQ system (NI USB-6366).
Timestamp alignment was further refined in software
using linear interpolation to ensure temporal consistency
before fusion.

GA-MSDFD Hyperparameters

Key hyperparameters of the proposed GA-MSDFD
framework are summarized in table 7.

All experiments were implemented in Python 3.8,
leveraging TensorFlow 2.10 for Bi-LSTM and DEAP
v1.3.3 for genetic algorithm optimization. The source code
and processed datasets are available upon reasonable
request for academic validation.

Expert Rule Constraints (Re(w))

The expert rules embedded in the fitness function
include:

Vibration features must contribute >60% of total
weight.

Temperature features are penalized if their cumulative
weight exceeds 10%.

If pressure sensor BDR > 0.3, its weight is capped at
0.2. These rules were formulated in consultation with three
senior maintenance engineers from an automotive
manufacturing plant.

Table 7. Hyperparameters

Component Parameter Value
Hidden units per direction 64
Bi-LSTM Dropout rate 0.5
Output feature dimension 64 x K (K = number of sensors)
Population size (N) 50
Crossover probability 0.8
Mutation probability 0.1
Genetic Algorithm Selection method Tournament (size = 3)
Top 10% preserved
Maximum generations 100
Chromosome encoding Real-valued weights € [0,1]
o, (accuracy weight) 0.6
Fitness Function B (sparsity weight) 0.3
vy (expert rule weight) 0.1
Sparsity threshold t 0.05
SNR quality threshold (PSNR) >25dB
Noise Purification Wavelet basis (Level 2) db4
Kalman filter o (Level 3) 0.95
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