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Abstract: In engineering practice, information data in the detection process can not be avoided by
the working environment and equipment performance and other factors, resulting in unpredictable
measurement errors, greatly affecting the reliability of the manufacturing system and decision-
making system decision-making scientific. This paper analyzes the application characteristics of
untraceable Kalman filter (UKF) and BP neural network algorithm (BPNN) in information data
fusion, and tries to realize the complementary advantages of the two through the combination of
UKF and BPNN (UKF+BPNN). The information data fusion algorithm based on UKF-BPNN is
established to effectively fuse the information data measurement errors brought by multiple
influencing factors in order to improve the detection accuracy of the information data, and the
feasibility and validity of the method are verified through the application of the algorithm in the
measurement of key information data of rolling bearings.

Keywords: traceless Kalman; BP neural network; information data; detection error; detection
accuracy

0. Introduction

In automation and control systems, sensors provide data that is used to monitor and adjust
various parameters such as temperature, pressure, and speed. Highly accurate data ensures that the
system responds accurately to changes in the environment, resulting in optimal performance and
efficiency. In manufacturing, sensors are used to monitor key parameters in the production process,
and accurate data helps ensure consistent product quality and reduce defects and rework; in
predictive maintenance, sensor data is used to monitor the health of equipment and predict potential
failures. The accuracy of sensor information data is critical to ensuring system reliability, safety,
efficiency, and user experience. Highly accurate data improves predictive accuracy, which reduces
unplanned downtime and maintenance costs [1,2], so it is important to ensure that data accuracy
meets application requirements.

Currently, the main method to improve the accuracy of information data is the “data fusion
method”, in which neural networks and trace-free Kalman algorithms are more widely used. In terms
of trackless Kalman filtering, the filtering calculation proposed by Yang Zhaozhe et al. realizes a
certain degree of reduction in the standard deviation of roll angle and pitch angle, that is, the
improved Kalman filtering has a better effect on the noise reduction of the data [3]; Xie Kai et al.
proposed the radar extrapolation algorithm study, when a single system model is extrapolated from
the ballistic trajectory, and encountered that the target motion state is not in accordance with the
model, the algorithm may cause a large error; in addition, for the UKF algorithm, the noise Q and R
do not follow the work of the system, but the noise Q and R do not follow the work of the system. In
addition, for the UKF algorithm, the noise Q and R do not change with the change of working
conditions, and the covariance matrix is not positive definite, which leads to inaccurate estimation or
estimation failure, etc.[4]; Zhang Yu et al. proposed the accurate estimation of SOP, with a smaller
value of RMSE under the SOC-UKF fusion improvement algorithm, which can make the estimation
error of SOC reach a lower level [5].
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In terms of neural networks, the modeling compensation method combining KPAC and neural
network proposed by Zhang Chen et al [6]. The algorithm may show a large deviation in the
prediction results when the new input test data is not in the frequency range of the training set; the
fusion algorithm based on BP neural network proposed by Dong Yi-Han et al. has a significant
reduction in the predicted value of MAPE [7], which indicates that the neural network model
prediction based on GA -BP effect is good; for coal rock prediction, the optimized BP neural network-
based model proposed by Yanqiang Duan et al. is able to reduce the coal rock identification error and
has feasibility [8].

In summary, although both the traceless Kalman algorithm and neural network have achieved
good research results in engineering applications, there are some shortcomings. This paper intends
to explore the information data fusion algorithm that integrates the two through the research of
untraceable Kalman filter (UKF) and BP neural network (BPNN) and [9]. With the combined
approach to fusing information data, the main steps of UKF are prediction and update, in the
prediction step, UKF estimates the next moment's state and its covariance based on the current state
[10]. In the updating step, the algorithm uses new observations to correct the prediction and update
the state estimates and covariances, and there is no need to linearize the nonlinear function during
processing, after substituting the state estimates into the BPNNJ[11], evaluating the gap between the
outputs and the actual values through a loss function, and updating the weights of the internal nodes
through the back-propagation algorithm, as a way to make the network outputs closer and closer to
the desired results [12-14].

1. Basic Theory
1.1. Untraceable Kalman Filter

1.1.1. Define

The untraceable Kalman filter (UKF) is a filter for state estimation of nonlinear systems.
Compared to standard Kalman filters, the UKF uses a traceless transform for nonlinear systems,
which avoids linearizing the nonlinear function of the system and improves the accuracy of the
prediction.

Suppose that Zy,—; is the measurement of the k moment to the k-1 moment of the prediction,

h(%yx-1) is the measurement function, Then the predicted value of its measurement is:

Zijk—1 = h@k-1) (1)

Kalman gain is used to update the state estimate X, in the measurement update step by
weighting the difference between the new measurement information and the predicted
measurements, resulting in a more accurate state estimate %j.

Kalman gain is used to update the state estimate in the measurement update step by

weighting the difference between the new measurement information and the predicted
measurements, resulting in a more accurate state estimate Xyx_1, This results in amore accurate
state estimate Xj.

Ky =Pyzxii-1Przicpi—1 2)

The predicted state estimates are updated using Kalman gains and measurement residuals to

obtain new state update estimates:

Rre=Erpk-1"Ke (Zi-Ziejie-1) (31)

Updating the state covariance matrix:
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Prjk = Prjie—1 — KiePrzr-1Ki 4)

These formulas constitute the basic framework of trace-free Kalman filtering. In practical
applications, these formulas may need to be appropriately adapted and optimized for specific
problems.

1.1.2. Characterization of Applications in Information Processing

Traceless Kalman Filtering is a state estimation algorithm based on the Kalman filtering
framework, which deals with the state estimation problem of nonlinear systems by using the traceless
transform.The properties of UKF in information processing include the following:

(1) Advantages:

* No need of Jacobi matrix: UKF does not need to calculate Jacobi matrix, which
simplifies the implementation of the algorithm .

*  Suitable for highly nonlinear systems: By sampling the sigma points, UKF can capture
the nonlinear properties of the system more accurately .

* Avoiding dispersion problem: Compared with EKF, UKF is less susceptible to the
instability problem caused by improperly selected nonlinear functions, which
improves the robustness of the filtering .

*  Not limited to Gaussian distribution: UKF has no special assumptions on the shape of
the distribution of the state variables, so it is more flexible in dealing with non-Gaussian
distributions .

(2) Disadvantages:

*  High computational cost: compared with the standard Kalman filter, the computational
cost of UKF is relatively high, especially when dealing with high-dimensional state
spaces .

*  Sensitive to initial conditions: UKF is sensitive to the initial conditions, and inaccuracy
of the initial estimation may affect the performance of the filter .

*  Not suitable for all nonlinear systems: Although UKF is suitable for most nonlinear
systems, it may not be able to achieve good results for some extreme nonlinear or highly
noisy systems.

In general, UKF performs well for nonlinear systems, especially for systems with complex
nonlinear properties. However, for some simple and low-dimensional systems, the standard Kalman
filter may be more appropriate because it has a lower computational cost .

1.2. BP Neural Network

1.2.1. Define

BP is a multilayer feed-forward neural network which adjusts the weights by back propagation
to minimize the output error, and forward propagation is the process of signaling from the input
layer to the output layer.

(1) Forward propagation

Starting from the input layer, the input u; of each neuron in the hidden layer is computed, the
net input u; of each layer is computed by weights and bias, and then the activation function is
applied to get the output of each layer, and finally the output of the output layer is obtained, and this
process is the transfer process from the input to the output in the BP neural network, and the
expression of u; is:

uj = f(Z?zlvijxi +9]y) (] = 1,2,...,m) (5)
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Let w; be the weight of the j neuron connected to y, and 6% be the bias of y. The net input
y of each layer is calculated from the weights and biases, and when the activation function of the
output layer is the sigmoid function,we can get:

y=f Qjziwju+6”) (6)

(2) Gradient descent
BP (Back Propagation) Neural Network is a multi-layer feed-forward neural network that

optimizes the network weights by means of a gradient descent algorithm to minimize the
prediction error. Gradient descent is an optimization algorithm used to minimize an objective
function and is commonly used to train machine learning models.The gradient descent process
of BP neural network can be broadly divided into the following steps:

Step 1: Forward propagation: the input data is computed through each layer of the network
until the output layer, where the prediction is obtained.

Step 2: Calculate loss: the loss function (e.g. mean square error, cross entropy, etc.) is used to
calculate the error between the predicted value and the true value

Step 3: Backpropagation: Starting from the output layer, calculate the gradients of the loss
function with respect to the network weights and pass these gradients back to each layer of the
network.

Step 4: Weight update: use the gradient and learning rate to update the weights in each layer.

Step 5: Iterative optimization: repeat steps 1-4 until the stopping conditions are met (e.g., the
maximum number of iterations is reached or the value of the loss function is below a certain

threshold).
[ xil) xgl) xl.(l) x,E,l) ] o)
2 ©) (2 @1 |5
X, X, e X Xy y@
X ik) x gk) oy l_(k) X IEIR) y
(M)
_fo) ng) xl.(M) x IE,M)_ Y

-

Set as x data real features, the real value output value is ¥ ,y is the value predicted by
the neural network, we ultimately want to get the goal for the real value and through the
network to predict the value of the error between the value of as small as possible, the objective

function is set to J:

J=Zk(y® — y®y2 @)

For the convenience of derivation, the k object is taken out as the target, and then the sum of all
the objects is
taken as the final target, and xi(k) represents the input of the i feature:

J® = (y®) — )2 ®)
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Figure 1. Flowchart of multiple implicit layers.

1.2.2. Characterization of Applications in Information Processing

BP (Back Propagation) neural network is a multi-layer feed-forward neural network trained
according to the error back propagation algorithm, and is one of the most widely used neural
networks. It has the following application properties in information processing:

(1) Advantages:

*  Strong nonlinear modeling ability: the BP neural network can deal with nonlinear
relationships and can approximate arbitrary complex function mapping relationships.

*  Strong learning and inference ability: through the back propagation algorithm, the model
can be trained and learned, thus improving the prediction accuracy of the model.

*  Applicable to a variety of tasks: can be applied to classification, regression, clustering and
other machine learning tasks.

* Can handle large amounts of data: applicable to large-scale datasets, can be trained and
predicted in a shorter period of time.

(2) Disadvantages:

*  Easy to fall into the local optimal solution: the training process of BP neural network relies
on the selection of initial parameters, and it is easy to fall into the local optimal solution and
difficult to converge to the global optimal solution.

*  Long training time: the training process of the model usually requires a large number of
iterations, and the training time is long.

*  Sensitive to the initial parameters and data preprocessing: the quality of the initial
parameters and data preprocessing is highly required, and different parameters and data
processing methods may lead to different results.

*  Not suitable for all nonlinear systems: for some extreme nonlinear or highly noisy systems,
BP neural networks may also fail to achieve good results.

BP neural networks need to be designed with network structure, parameter selection and
training tuning according to the characteristics of the specific problem and dataset in practical
applications, in order to obtain better training results and generalization performance.

2. Information Data Processing Method Based on UKF-BPNN

From the above analysis of the application of UKF and BPNN in information data detection, it
can be seen that the two algorithms have their own advantages and shortcomings in information data
fusion processing, and it is difficult to achieve ideal application results by applying them
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independently in the fusion of information data in complex environments [15]. Therefore, with
reference to the advantages of the two algorithms in information data fusion described above, this
paper tries to establish the information data fusion model based on UKF-BPNN by combining the
two algorithms to improve the detection accuracy of information data in complex environments [16].

2.1. Algorithmic Model

The data collected from the sensors are preprocessed, including cleaning of the data and
replacing outliers. In order to obtain the observations for the traceless Kalman filter, the data from
each sensor is first named as Bi=(i=1,2,3,4 ... m) and the variance between the data from each sensor
is calculated as Vi (i=1,2,3,4 ...m),

The variance of sensor Bi=(i=1,2,3,4 ... m) is:

o 2mi-my?
Vi —V(B l) = T
Where, Bt is the mean value of sensor Bi and n(i) is the total number of sensor Bi

measurements. With this formula, the variance Vi of each sensor can be calculated and the inverse
of the variance between each sensor's data is taken as the weight.

)

W= (i=1, 2, 3...m) (10)
- Wi

xrtwy
of data are multiplied by the observations available for each set of data, and summed according to
the weights to obtain the measurements R(x;):

The normalized weights w; = W;/J] (i=1, 2, 3....m) ,such that the weights for each set

R(x) =X 0iXi=W1 X1+ WX Wi Xy (11)

The observations are expressed as:

h(x;) =R (x)+R; (12)

Update the estimate of the state at moment k for moment k-1 and the covariance matrix:

R k=Erpk-1tKe (Zr-Zijie-1) (13)

Prjic=Pieji—1-Kic Pz x—1Ki (14)

The BP neural network is initialized by assigning an initial value %, to each connection
weight, determining the error function e, the computational precision ¢, and the maximum number
of learning times M. The sigmoid function is used as the excitation function, and the set of sigma
pointsis {x; , i=0,1,2..k}. When sampling the state quantity x,_; atmoment k —1 , the first sigma

point x, istaken, k —1 = u, and the remaining k sigma points are symmetric about mean value.
The results obtained by running the UKEF, the inputs to each neuron in the hidden layer are:

u.

i = f(Z?:lvijk\Hi +9]y) (] = 1,2,...,m) (15)

The combination can be obtained as the model expression for the application of UKF-based BP
neural network multi-sensor data fusion algorithm in multi-sensor data detection as follows

1
y = fQwwyt0”) "N —— (16)

e
Iy j=1vij%i

1+e

The objective function of the error between the true value and the predicted value is:

J=2k(y® — yy2 (17)
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In the specific realization process, some practical problems also need to be considered, such as
how to choose the appropriate BP neural network parameters, how to adjust the parameters in
Kalman filtering, and so on. These issues need to be combined with specific application scenarios for

comprehensive analysis and processing,

2.2. Implementation Steps

The process and steps of applying the algorithm presented in this paper in information data
fusion are shown in Figure 2

Step 1: Collecting detection bearing data b, pre-processing the sensor data, performing noise
reduction, removing outliers and other operations on the data to ensure the quality and accuracy of
the sensor data.

Step 2: Substitute the traceless Kalman filter formula to process the preprocessed data and obtain
the corresponding state variables. Find the corresponding state estimates and covariance estimates.

Step 3: Perform state estimation and process the state variables using the UKF-BPNN based
algorithm to find the fusion value J'.

Step 4: Perform covariance fusion on the estimated state variables to obtain the weighted
average of each state variable as the final estimate of the system state, find the error J', and determine
whether the iteration needs to be repeated based on whether the threshold of J' exceeds the error.
Detect whether the condition is satisfied, output if the condition is satisfied, and continue to iterate if

the condition is not satisfied.
[ commencemenbj

|

Acquisition of test bearing data«

Whether the data exceeds the error
threshold«

Data output to the system's data acquisition center«

-

{

Perform trace-free Kalman filtering to obtain new No«
state estimates and covariance matrices«

v

The fusion value is obtained by bringing in the
UKF-BP fusion operator+

Yesq

Whether the fusion value
exceeds the error«

Figure 2. UKF -BPNN algorithm flow.
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3. Examples of Application

3.1. Experimental Platform Establishment

As bearings are an important part of all kinds of equipment, their working condition directly
affects the performance of the whole machine. Therefore, it is of great significance to obtain accurate
information data in the process of bearing operation in real time, and to realize timely warning of its
failure to avoid accidents, in order to enhance the reliability of the equipment and improve its
working efficiency. According to the rolling bearing experimental data provided by CWRU
University Data Center Laboratory, SKF6205 deep groove ball bearing is used in this paper, and the
motor bearing is faulted by electric discharge machining (EDM) [17]. The bearing roller outside
diameters ranged from 0.007 inches to 0.040 inches, as measured by micrometer, on the inner
raceway, rolling elements (balls), and outer raceway, respectively [18]. The bearings were mounted
into the test motor and vibration data was recorded at motor loads of 0 to 3 horsepower (motor speeds
of 1797 RPM to 1720 RPM) [19].

3.2. Experimental Step

Referring to the experimental steps described in the literature, the process of processing the
information data in this experiment is carried out in the following four steps.

Step 1: Pre-process the bearing failure diameter data, noise reduction and removal of outliers,
the vibration data of the motor load Bi=(i=1,2,3,4 ... m) to obtain its variance Vi, take the inverse of
the variance as the weight Wi, after normalization of the weights can be obtained after the observed
value.

Step 2: Bring in the state estimation equations and covariance equations to obtain the new
bearing failure diameter estimate ¥ and covariance estimate P.

Step 3: Bring the new bearing state estimate and covariance estimate into the UKF-BPNN
operator, which yields the inputs to the neurons in the hidden layer, and substitute them into y to
obtain the prediction of the bearing error diameter by the joint algorithm.

Step 4: Substitute the error objective function J. If it is smaller than the error threshold, the output
is the final data, if it is larger than the error threshold, then return to iteratively run the operator.

3.3. Information Data Processing Results and Analysis

The fusion of UKF and BP neural networks for processing data is feasible and has been shown
to be effective in practical applications [20]. This approach can improve the state estimation
performance of the system by combining the advantages of both algorithms, especially when dealing
with nonlinear and non-Gaussian noise [21,22].

In the experiment, we first measured the fault data values of some bearings in different cases,
and then applied different algorithms to fuse the measured data, the prediction effect of various
algorithms in the information data is shown in Figure 3, and the bearing prediction error is shown in
Figure 4.

From Figure 3, it can be intuitively seen that the data processed by the UKF algorithm has a
certain noise reduction effect, but there is a certain deviation from the real value; after the data
processed by the joint algorithm of this paper, the prediction results can be closer to the real value of
the curve, and the fitting effect is better.
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After analyzing the results of the application of a number of data samples, the prediction error
of some of the bearings in different cases is plotted as shown in Figure 4, from which it can be seen
that the unfiltered data has a larger deviation from the true value; UKF has a certain degree of noise
reduction of the data at the same time there is a certain degree of error; after the joint algorithm of
this paper, the data is improved and processed by UKF-BPNN, and the generated curves are more
closely matched with the true value than the previous two. After this paper's joint algorithm UKF-
BPNN improved data processing, the curve generated compared with the first two more closely
match the real value, can be more intuitive fitting bearing diameter data.

In information processing, methods combining untraceable Kalman filtering (UKF) and BP
neural networks (BPNN) have been widely studied and applied. This combined approach aims to
utilize the advantages of UKF in dealing with state estimation of nonlinear systems and the powerful
nonlinear fitting capability of BPNN with a view to achieving better performance.Mean Square Error
(MSE) is a commonly used measure of the performance of prediction models and is defined as the
mean of the sum of the squares of the difference between the predicted value and the actual value. In
the UKF-BPNN framework, MSE can be used to evaluate the accuracy of model prediction, which in
turn guides model training and parameter tuning. From Figure 5, it can be seen that in UKF-BPNN
the mean square error (MSE) of the training and test sets is small.
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Figure 5. Mean square error of UKF -BPNN.

Confusion Matrix (CM) is a tool for evaluating the performance of a classification model that
shows the relationship between the results predicted by the model and the actual labels. The
Confusion Matrix provides the performance of the model on the training data, which helps us to
understand the model overfitting as well as to find out which categories are easily confused by the
model, so that we can distinguish these categories by further feature engineering, which guides us to
adjust the parameters of the model, such as the regularization parameter of the Support Vector
Machines, in order to improve the performance of the model.

According to Figure 6, it can be seen that the confusion matrix shows that the prediction results
of certain categories all reach more than 90%, which shows that the accuracy of the matrix is high
under this algorithm.
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Confusion Matrix for Train Data
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Figure 6. Confusion Matrix for Train Data.

The test data confusion matrix shows how the model performs on unseen data, which is a key
metric for evaluating the model's generalization ability. The test set is usually independent of the
training set, so the test data confusion matrix provides an estimate of the model's likely performance
in real-world applications. By analyzing the test data confusion matrix, patterns of model prediction
errors can be identified, which can help to further improve the model. In some cases, the performance
of the model can be improved by adjusting the classification thresholds, and the confusion matrix for
test data can help us determine the optimal threshold.

According to Figure 7, it can be seen that the test data confusion matrix in for data fitting and
the real value fitting degree is higher, that is, the fusion algorithm introduced in this paper is more
feasible for data processing.

Overall, the confusion matrix is an important tool for evaluating the performance of
classification models, which not only helps us understand how the model performs on training and
test data, but also guides us in model optimization and improvement.

By analyzing the application of the three algorithms of UKF, BPNN and UKF-BPNN in the case,
the average absolute error and mean square error of the information data processed by different
algorithms can be obtained, as shown in Table 1. From the table, it can be seen that: the fit of UKF -
BPNN algorithm for the bearing failure diameter, compared with the single UKF and BP algorithm
function of the average absolute error and mean square error is smaller, that is, the algorithm of this
paper's prediction estimate is more accurate and reliable.

Table 1. Mean absolute and mean square errors for multiple filters.

Arithmetic MAE MSE
UKF 0.6325 0.0693
BPNN 0.4843 0.0773

UKF -BPNN 0.1132 0.0512
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Confusion Matrix for Test Data
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Figure 7. Confusion Matrix for Test Data.

4. Conclusion

In engineering practice, information detection systems work in complex environments, so their
information data measurements are subject to multiple factors, which bring unpredictable measurement
errors. In this paper, through the study of untraceable Kalsman (UKF) and BP neural network (BPNN), it
is found that in the detection and processing of information data: UKF has strong nonlinear estimation
ability, and BPNN has strong automatic learning ability. The complementary advantages of both in
information data processing are realized by combining UKF and BPNN. The information data fusion
model based on UKE-BPNN is established and applied to the detection of information data in complex
environments. UKF is first used to provide state estimation as the input to the BP neural network, and
then the ] function that meets the error threshold is derived, so that the predicted value can maximally fit
the real value, which greatly improves the detection accuracy of information data in complex
environments. Through its application experiments in the measured values of motor bearings after
electrical machining, it proves the application advantages of the method in estimating accuracy. A new
integrated method is provided for the field of nonlinear state estimation and machine learning, which
helps to solve the estimation and control problems in complex systems.
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