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A B S T R A C T

A method for qualitatively recognizing the load of the rolling equipment’s connecting-shaft rotor 
system is proposed in this paper due to the complexity of rolling production conditions and the 
limitations of single source response signals. The method is oriented towards fusing the vibration 
and motor’s current information. First, singular value decomposition and wavelet packet analysis 
are used to preprocess the two types of response signals. Then, the Bayesian estimation method in 
feature-level fusion achieves qualitative recognition and analysis of rotor system load types. 
Corresponding load experiments are completed on a load recognition test platform based on vi
bration and the motor’s current signals. The research results show that the load recognition 
method based on fusion information can recognize the type of load excitation with a recognition 
accuracy of 91.7 %, higher than other single-source response signal methods. Therefore, the 
feasibility of the aforementioned theoretical methods is verified.

1. Introduction

The rolling industry is an important basic industry of the national economy, an important indicator of economic level and 
comprehensive national strength. The loading conditions of the rolling equipment’s connecting-shaft rotor system are relatively 
complex, such as withstanding steady loads during constant speed operation, impact loads during starting and stopping, linear loads on 
slopes when the plate is thick, and harmonic loads when the rolled piece slips. These conditions affect the stability equipment 
structure, work safety, and the quality of rolled parts [1]. Therefore, various load situations that the system is subjected to must be 
understood and recognized, denoted as "load recognition". Load recognition refers to the deduction of system excitation based on the 
known system response and characteristics. Load recognition is the second type of inverse problem in dynamics [2]. There are usually 
two methods for determining loads in practical situations: direct measurement and load recognition [3]. Since obtaining direct 
monitoring methods for current loads is unsuitable due to the limitations of on-site conditions, loads must be recognized by testing the 
dynamic response of the system under dynamic loads [4,5]. Therefore, determining the load situation of the operating system is a 
difficult point in practical engineering [6], prompting researchers to conduct investigations. Movahedian et al. [7] investigated the 
problem of determining lateral loads on Kirchhoff plates. Hwang et al. [8] assessed modal loads and parameters in reverse for modal 
response systems based on their response signals. Bartlett et al. [9] proposed using the response measurement method to recognize the 
forces on the helicopter hub. Petersen et al. [10] measured the vibration data of a suspension bridge and employed the reaction force 
method to determine the wind loads on the bridge. This method was proven to be more deterministic than the traditional research 
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methods. Therefore, this paper is based on experimental measurement information to recognize the load excitation of the rotor system.
The vibration signal method is a commonly used monitoring method for working conditions [11]. Mark et al. [12] investigated the 

early detection of gear based on vibration signals. Lin et al. [13] proposed a torsional-vibration analysis system for monitoring the 
internal combustion engine shaft system. Hassani et al. [14] systematically reviewed the development history of structural monitoring 
technology by observing its advantages and disadvantages. Sharma et al. [15] explored the monitoring and diagnosing of common 
faults in gearboxes from the frequency domain of vibration signals. In this way, the vibration response signal of the system can reflect 
the load excitation characteristics of the system by relying on transmission [16]. However, this single-source signal method may also 
have shortcomings. For example, a single type of signal can lead to poor robustness of feature signals due to differences in mea
surement point layout or monitoring methods. Furthermore, the harsh rolling production environment can easily lead to insufficient 
monitoring of source information and low recognition accuracy [17]. Simultaneously, during the research process in related fields, the 
author noticed the method of motor current signal analysis (MCSA) in the field of motors [18]. In other words, the stator current of the 
system will also change accordingly under variable load conditions [19]. Furthermore, MSCA is a state monitoring method based on 
motor current for monitoring, analyzing, and evaluating the stator current signal of the motor, making it easier to obtain the signal 
[20]. Gu et al. [21,22] conducted in-depth research in this field. Ahonen et al. [23] and Han et al. [24] also employed the MCSA 
method to measure the working data of centrifugal pumps. This study considers expanding the scope of signal objects and replacing 
single-source with multi-source signals (vibration signals and motor current signals) to increase the system’s effective input infor
mation. Information fusion can obtain better and timely state evaluations as a multi-level method for interconnecting, processing, and 
combining multi-source data resources [25,26]. For example, Saimurugan et al. [27] fused acceleration signals with sound signals to 
solve mechanical fault problems. He et al. [28] introduced the history and development of the information fusion method by focusing 
on several representative key technologies. Feres et al. [29] explored multi-sensor collaborative detection in the air and conducted 
Neyman Pearson experiments. Safizadeh et al. [30] used the information fusion method for fault diagnosis of rolling bearings and 
achieved better evaluation results than a single sensor. Therefore, information fusion can integrate multi-source information, improve 
the coverage and effectiveness of available information, and optimize the recognition effect of payloads [31,32].

Based on the above analysis and considerations, the disciplinary advantage methods, such as the motor current method and in
formation fusion method, are combined with load recognition of the rotor system based on the vibration method, constructing a new 
interdisciplinary intersection. Namely, the vibration and motor current response signals are fused in this paper, and information fusion 
methods are employed to recognize the rotor system load qualitatively. In this way, each single source of information can complement 
each other in value by achieving coordinated optimization of multi-source information, improving the availability and confidence of 
comprehensive information [28]. Therefore, the proposed method can obtain more accurate load recognition results than a single 
piece of information, revealing a more comprehensive system load status. Lastly, the proposed method has theoretical and practical 
significance for equipment operation safety and product quality improvement [31].

The subsequent sections of this paper are structured as follows. Section 2 introduces the theoretical basis of the methods proposed 
in this paper, namely the principles of signal reinforcement preprocessing and information fusion methods. In Section 3, the load 
recognition for the rotor system is described in detail by taking the measured signals as the object. Furthermore, comparing single and 
multi-source signal methods demonstrates that the information fusion method has additional advantages in recognizing payloads. 
Finally, some conclusions are drawn, and the paper is summarized in Section 4.

2. Methods and principles

This section mainly introduces the theoretical basis of the proposed methods. It mainly includes two parts: Section 2.1 and Section 
2.2. Section 2.1 elaborates on the enhanced preprocessing method for the response signals of the rotor system, i.e., the singular value 
decomposition (SVD) and energy feature extraction by the wavelet packet. In Section 2.2, the origin, characteristics, and types of 
information fusion method are first introduced. Then, the selection of specific fusion methods is elaborated, along with the Bayesian 
estimation method in the feature-level fusion adopted in this paper.

2.1. Signal preprocessing method

Mixed response signals are formed due to the interference factors in the operation of the connecting-shaft rotor system, weakening 
effective information. Therefore, performing signal reinforcement preprocessing before conducting fusion analysis on the response 
signal is necessary.

2.1.1. Singular value decomposition
The first method used here is the SVD method, which reconstructs the original signal, i.e., only retaining the parts above a certain 

singular value [33]. In other words, this method can achieve information denoising and perform signal preprocessing [34].
If the rank of the matrix A ∈ Rm×n is r > 0, then there are orthogonal matrices V and U (corresponding to n-th and m-th orders, 

respectively). There is A = U
[∑

0
0 0

]

VH. Moreover, 
∑

= diag(σ1,σ2,⋯, σr), σi(i= 1,2,⋯, r) is a singular value and σ1 ≥ σ2 ≥ ⋯ ≥

σr > 0. The singular values with higher magnitudes are located in the front, largely covering the information in A. Establishing the 
attractor matrix is crucial in the SVD process, which can be achieved by conversing the original signals. 
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A= [ y1 y2 ⋯ ym ]
T
=

⎡

⎢
⎢
⎣

x1 x2 ⋯ xn
x2 x3 ⋯ xn− 1
⋯ ⋯ ⋯ ⋯
xm xm+1 ⋯ xn+m− 1

⎤

⎥
⎥
⎦ (1) 

Matrix A can also be obtained using the following equation: 

A= [ z1 z2 ⋯ zm ] =

⎡

⎢
⎢
⎣

x1 x2 ⋯ xn
xn+1 xn+2 ⋯ x2n
⋯ ⋯ ⋯ ⋯

x(m− 1)n+1 x(m− 1)n+2 ⋯ xmn

⎤

⎥
⎥
⎦ (2) 

2.1.2. Wavelet packet energy feature extraction
The wavelet analysis method refines the frequency of the low-frequency part and the time of the high-frequency part of the signal. 

However, the wavelet analysis method usually only has good resolution ability in the signal’s low-frequency range. This method can 
hardly perform good decomposition on approaching signals. On the other hand, the wavelet packet analysis (WPA) method can 
analyze wavelets and decompose the high-frequency range of signals [35]. Gomez et al., Li et al., and Yang et al. used WPA for effective 
signal analysis [36–38].

The WPA decomposition process is shown in Fig. 1. The top layer is (0,0), while the next three layers are decomposed layer by layer. 
Node (i, j) in each layer corresponds to a corresponding frequency band, where i represents the level of decomposition and j represents 
the order of nodes located in that layer. For example, (3,7) in Fig. 1 represents the seventh node of the third layer in the decomposition 
structure.

Next, it is necessary to deduce the energy values at each node, which can be obtained by the wavelet coefficients xjk of each node. 
The energy value E3j at node (3, j) is expressed as Eq. (3), with k representing the sampling point. 

E3j =
∑n

k=1
x2

jk (3) 

The energy ratio of this node is 

Pj = E3j

/
∑7

j=0
E3j (4) 

Then, a feature vector P comprising each node can be obtained based on Eq. (4): 

P= [P0,P1,P2, P3, P4,P5,P6,P7] (5) 

2.2. Information fusion method

"Information fusion" originated in the military and gradually evolved into a constantly evolving interdisciplinary and cross-domain 
information processing method [31]. This method fully integrates and utilizes information from multiple-sources (or sensors) by 
removing redundancy and complementary information to fuse and generate new valuable information. Hence, a more comprehensive 
description of the research object can be obtained [39,40].

Specifically, the characteristics of information fusion methods can be summarized as follows:
(1) Coverage: compared to single-source signal methods, multiple-source signals can fully integrate the information advantages of 

each source after being analyzed by fusion methods. Moreover, multiple source signals can restore and strengthen the signal’s original 
characteristics to the maximum extent, improving the certainty and speed of target recognition. (2) Robustness: the fusion information 
method integrates multiple-sources of signals when a certain input signal is suddenly abnormal. Therefore, the final discrimination 
effect of the overall system is better and more reliable than the single-source information method. (3) Economy: using fusion methods 
means replacing difficult-to-obtain signals with some easily obtainable ones for analysis, reducing the overall experimental budget 
[41].

Information fusion methods can be divided into three types according to the different positions of the "fusion" stage in the entire 

Fig. 1. Schematic diagram of wavelet packet decomposition. It decomposes layer by layer from the top to the bottom. The display here is a three- 
layer decomposition structure.
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information fusion process: signal-level fusion, feature-level fusion, and decision-level fusion. The specific fusion method mentioned in 
this paper belongs to feature-level fusion.

Fig. 2 depicts a flowchart of the three methods mentioned above. The figure includes three subplots (a), (b), and (c), respectively 
showing three types of information fusion. The triangles in the figure represent the "fusion" stage, while the red, blue, and pink parts 
emphasize different positions where the "fusion" stage is located.

The red part in the left section (a) in Fig. 2 reflects signal-level fusion. The "fusion" stage starts fusion processing immediately after 
multiple signal input sources.

The blue part in the middle section (b) in Fig. 2 reflects feature-level fusion. First, feature extraction is performed separately for 
multi-source signals; then, coordinated "fusion" analysis is implemented through the fusion process.

The pink part in the right section (c) in Fig. 2 reflects decision-level fusion. The results are finally integrated through the "fusion" 
process once feature extraction and recognition analysis for multiple source signals are completed.

2.2.1. Selecting the specific method
Selecting specific fusion methods is a key consideration. The hierarchical structure of information fusion determines the corre

sponding applicable fusion methods [42]. The commonly used methods at different fusion levels are shown in Fig. 3. The three 
elliptical shapes in the middle of the figure represent three fusion types: signal-level, feature-level, and decision-level. Furthermore, 
fusion types are distinguished and sequentially marked in red, blue, and pink. Each type is further divided into its commonly used 
specific methods represented by boxes in the figure; their colors are consistent with their corresponding fusion type.

It is necessary to choose a method that is suitable for small sample online learning and for uncertain scenarios, based on the 
background of this research. Traditional statistical classification methods such as “maximum likelihood estimation” and “least 
squares” strongly depend on samples, i.e., they require a sufficiently large sample size. In other words, the advantages of these methods 
can only be demonstrated in large sample sizes. However, during actual operation, relatively little sample information can usually be 
obtained due to the limitations of experimental conditions. Machine learning methods have a wide range of applications, but they also 
have some limitations. Table 1 lists the relevant explanations. It is found by comparison that Bayesian estimation in feature-level fusion 
algorithms based on statistical thinking is an excellent small-sample statistical method. Moreover, the D-S evidence theory (another 
method of statistical thinking) is prone to the “Zadeh paradox” when encountering conflicting data. Therefore, Bayesian estimation is 
selected in this paper as the specific method for information fusion in recognizing the load type of the rotor system.

Many scholars have conducted in-depth research on Bayesian estimation in fusion methods and achieved beneficial results. In 
Ref. [43], an online Bayesian approach for fusing multi-resolution space-borne multispectral images was proposed. Experimental 
results indicate that the proposed strategy can lead to considerable improvements compared to both classical and state-of-the-art 
image fusion algorithms. Reference [44] proposed spatiotemporal information fusion approach based on Bayesian decision theory 
for land cover classification. The overall accuracy of Bayesian fusion for two cases rose by an average of 27.8 % compared with two 
single-source classifications. In Ref. [45], an experiment with 36-classes is carried out to evaluate and compare the performance of the 
fused, tactile, and kinesthetic perception systems. The results show that the Bayesian-based classifiers improves capabilities for object 
recognition and outperforms the Neural-based approach. Reference [46] predicts rock mass rating (RMR) ahead of the tunnel face with 
Bayesian estimation. This methodology is applied to the Laoying rock tunneling project in Yunnan Province, China. The findings 
demonstrate that the fusion of soft data and geological interpretation significantly improves the accuracy of the rock mass rating 

Fig. 2. Types of information fusion: (a) signal-level fusion, (b) feature-level fusion, (c) decision-level fusion. Each plot comprises four steps from top 
to bottom. The top layer is the "multi-source data layer", and the bottom layer requires a "feature extraction" step to perform "object recognition". 
The "information fusion" step is located at different positions among these three steps depending on the different fusion methods.
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predictions. At selected prediction points, the relative error of this method is less than 15 % when compared to the traditional Kriging 
method.

2.2.2. Bayesian statistical thinking
Bayesian theorem is the core foundation of Bayesian statistical thinking and the theoretical basis of Bayesian estimation methods 

[47,48]. The Bayesian theorem can be expressed as follows: 

P(Y|X) =
P(X|Y) P(Y)

P(X)
(6) 

Eq. (6) represents the probability that random event Y may occur when random event X occurs. Eq. (6) also reflects the two 
components of Bayesian statistical thinking: a prior distribution and a posterior distribution. The former refers to a probability dis
tribution of the population distribution parameter θ, which can be represented by P(X|Y). Typically, posterior distribution can be 
obtained via human construction and probability calculation. The training samples can be partially selected from the samples, and 
statistical inference θ can be performed afterward. The latter is obtained via Eq. (6) and represented by P(Y|X). Therefore, the sample 
distribution does not have to be considered, only P(Y|X). Bayesian statistics can directly infer in this manner [49,50].

2.2.3. Classification method based on Bayesian estimation
Using Bayesian estimation for load type recognition involves using partially collected vibration signals and motor current signals to 

obtain a prior distribution (the main parameters involved in the calculation are shown in Table 2). The probabilities of different load 
types can be solved by P(X|Y) and X. The obtained corresponding class of the maximum probability value is the recognized load type.

When a appears, the conditional probability of bi is P(bi | a), i = 1, 2, …, n. The element ai in X can be the time series matrix of two 

Fig. 3. Common information fusion methods. Some common and specific methods for each are listed according to the three types of information 
fusion in Fig. 2. For example, the Bayesian estimation method is a statistical method based on parameters in feature-level fusion.

Table 1 
Comparison between Bayesian estimation and machine learning.

Comparison point Bayesian estimation Machine learning

Data volume 
requirements

Bayesian method can utilize prior distributions to compensate for 
insufficient data and improve the model’s generalization ability, 
even in cases of small data volumes.

Many complex machine learning models, require a large amount of 
training data to avoid overfitting. When the amount of data is 
insufficient, these models find it difficult to generalize.

Risk of overfitting 
and online 
learning

Bayesian method is suitable for online learning or incremental 
learning. When new data arrives, the model can be gradually 
updated without retraining. This is particularly useful in dynamic 
environments that require real-time updates.

Complex models are prone to overfitting, meaning they perform 
well on training data but poorly on new data. Regularization and 
other techniques are usually required to avoid overfitting, which 
increases the difficulty of model design.

Uncertainty handling Bayesian estimation naturally deals with uncertainty. It not only 
provides prediction results, but also the confidence level of the 
results, which is very important for decision-making.

Most machine learning models do not directly provide uncertainty 
estimates about the predicted results. However, in many cases, 
such as fault diagnosis, understanding the uncertainty of 
predictions is also important.

Table 2 
Main calculation parameters.

Parameter Expression

Feature attribute (mutually exclusive) λ
Feature element a = {λ1,λ2, …,λq}
Response signal samples to be recognized X = {a1, a2, …, am}
Recognized load type Y = {b1, b2, …, bn}
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types of signals, while the element bi in Y is the load type. The probability of various load types on the signal can be calculated using the 
data in X and the obtained prior distribution. The type with the highest probability can be determined as this signal’s type.

The test and training samples maintain a mutually exclusive relationship in this paper. The conditional probability matrix for 
different feature attributes (independent of each other) under various categories is shown in Eq. (7): 

⎡

⎢
⎢
⎣

P(λ1|b1) P(λ2|b1) ... P
(
λq
⃒
⃒b1

)

P(λ1|b2) P(λ2|b2) ... P
(
λq
⃒
⃒b2

)

...

P(λ1|bn) P(λ2|bn) ... P
(
λq
⃒
⃒bn

)

⎤

⎥
⎥
⎦ (7) 

According to the Bayesian theorem: 

P(bi|a)=
P(a|bi) P(bi)

P(a)
(8) 

If the denominator in Eq. (8) is taken as a constant value, the equation size only depends on the numerical value of its numerator. 

P(bi)P(a|bi)=P(bi)
∏m

j=1
P
(
λj|bi

)
(9) 

The expression P(bk | a) = max{P(b1 | a), P(b2 | a), …, P(bn | a)} can be obtained by substituting the value obtained from Eq. (9) into 
P(bi | a) in Eq. (8). Therefore, the classification evaluation of a can be determined by bk.

2.2.4. Handling of special situations
In the above process, there may be a special case of zero frequency, namely P(λi | bj) = 0, indicating that the conditional probability 

of the feature attribute λi under class bj is 0. The process of Bayesian classification relies on all feature attributes by default, which 
greatly weakens the classification effect. Therefore, when this special situation occurs, smoothing processing should be carried out. 
The Laplace calibration concept is introduced here. A brief introduction to it is as follows.

In statistics, when calculating the probability of an event occurring based on training data, its frequency is 0 if the event has never 
appeared in the training data. This results in the probability of the event being estimated as 0. This situation can lead to the model 
being unable to correctly evaluate new data points, as it may ignore features that have not appeared in the training set. Therefore, the 
core idea of Laplace calibration is to add a small positive value to each possible event, ensuring that no probability is absolutely zero. 
Simultaneously, in order to maintain a total probability of 1, it is necessary to adjust the denominator accordingly to avoid the problem 
of zero probability caused by zero frequency. When using frequency-based Bayesian classification, this calibration can assist in 
handling attribute values that have not appeared in the feature vectors.

Specifically, assuming there are r different categories, the number of times each category Gs appears in the training data is Ns, and 
the total number of training samples is N. Usually, the frequency of this category is used to estimate the probability P(Gs) = Ns/N; the 
calibrated probability estimate is P(Gs)=(Ns+1)/(N + r). In this way, even if Ns is 0, the probability estimate will not be 0, but equal to 
1/(N + r) which is a very small but non-zero probability value. However, this process requires recalculating the probabilities of all 
parts, which increases the workload. Therefore, the Laplace calibration has been improved here by assigning a very small probability to 
feature attributes that have 0 occurrences in the category. For example, a conditional probability matrix before calibration is [1 0 0], 
which becomes [0.98 0.01 0.01] after calibration. In this way, after calibration, zero frequency can be prevented from occurring, 
ensuring that every possible event has a non-zero probability estimate; and it helps to improve the generalization ability of the model, 
especially when the new data contains events that have not appeared in the training data.

Fig. 4. Load recognition test-bed. Main components of the test-bed: (a) motor (connecting current transformer used to measure motor current); (b) 
bearing; (c) eddy current displacement sensor; (d) rotor; (e) magnetic powder brake.
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3. Load recognition

This section mainly focuses on load recognition, qualitatively aiming at the measured signals of the rotor system. Section 3.1
introduces the load recognition test-bed and the acquisition of measured signals. In Section 3.2, preprocessing work is carried out on 
the response signals of the load recognition test. Section 3.3 explains the process of load recognition from three aspects: selecting 
feature attributes of the measured signals, prior statistical distribution, and analysis of recognition results. The theoretical principle 
corresponding to “3.2 Signal preprocessing” is described in Section 2.1; the theoretical principle corresponding to “3.3 Qualitative 
recognition process” is described in Section 2.2.

3.1. Obtaining measured signals

The response signals used in this paper were obtained through load recognition experiments. The main equipment used in the 
experiments is shown in Fig. 4. The basic experimental process involves applying load to the rotor system through the controller and 
the magnetic powder brake. Systematic loading tests are conducted multiple times according to the different types and parameters of 
external loads designed for the experiments. The INV3060 signal acquisition instrument was selected to synchronously sample the 
vibration information (in the x, y, and z directions) and the motor’s current information of the rotor system, with a sampling frequency 
of 2048 Hz. The impact load needs to be maintained for 0.2 s. In this way, it is possible to reverse-recognize various load types 
originally loaded through the measured load response information.

A total of six rounds (twenty-four times) rotor system loading tests were conducted here (including four loading types: steady, 
linear, impact, and harmonic), based on the common loading conditions on the connecting-shaft rotor system. Experimental loads are 
shown in Table 3. In the equation in Table 3, M represents the torque excitation of the test, and t represents time. From each type of 
load form, three different parameters are selected randomly to obtain a total of twelve test data sets (motor current signals and vi
bration signals). These data sets are used as training samples. The data from the remaining twelve tests are used as test samples.

3.2. Signal preprocessing

In order to better understand the frequency components and features of the signal, frequency domain information is analyzed here. 
For example, a 85 Nm harmonic load and a 85 Nm impact load are applied separately to the rotor system to obtain the corresponding 
response signals, namely the motor current signals and vibration signals. Subsequently, the following preprocessing is performed on 
these signals.

As shown in Fig. 5, the displacement signal spectra in the x-direction are presented. There is not much difference in the frequency 
and amplitude of the vibration signal spectra of various loads. The main frequency component is the rotational frequency of 25 Hz, and 
there are smaller amplitude frequency components near the rotational frequency. Simultaneously, the frequency components near the 
frequency conversion under different load excitations have certain differences, but the amplitude of these frequencies is much smaller 
than that of 25Hz. These signal characteristics are difficult to analyze and observe, specifically, the load information is obscured by the 
strong frequency conversion signal.

The frequency spectra of motor current under load excitation are shown Fig. 6. The main frequency component in the two subplots 
is the 50Hz power frequency. There are smaller amplitude frequency components next to the power frequency component. There are 
certain differences in the frequency components exhibited under different load excitations. These signal characteristics are not 
obvious, specifically, the characteristic information is obscured by the strong power frequency signal, so it is not easy to recognize the 
loads at this time.

Frequency domain signals are preprocessed. SVD is performed to obtain the vibration signal spectrum (Fig. 7 shows the x-direction) 
and the current signal spectrum (Fig. 8). The signal morphology after SVD presents multiple characteristic frequencies, indicating that 
SVD can significantly weaken the main frequency effect and display other frequency components. However, a certain degree of main 
frequency effect can still be observed.

In order to observe the frequency distribution in more detail, a three-layer wavelet packet decomposition is performed on the signal 
frequency spectrum. For instance, the wavelet packet decomposition spectra of the current signal under 85Nm harmonic load are 
shown in Fig. 9. This figure illustrates the frequency spectrum of each node after each layer decomposition. Among them, the third 
layer decomposition presents the situation at eight nodes from node (3,0) to node (3,7). The load signals under other different pa
rameters follow the same principle.

Subsequently, energy feature extraction is performed based on the signal spectra obtained at the eight nodes of the third layer. The 

Table 3 
Load excitation in the load recognition test.

Load type Expression (Nm)

Impact M = 25 M = 40 M = 55 M = 70 M = 85 M = 100
Linear M = 0.5t+25 M = 0.5t+40 M = 0.5t+55 M = t+70 M = t+85 M = t+100
Steady M = 25 M = 40 M = 55 M = 70 M = 85 M = 100
Harmonic M = sin4πt 

+25
M = 2sin4πt 
+40

M = 2sin4πt 
+55

M = 5sin4πt+70 M = 5sin4πt+85 M = 5sin4πt+100
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Fig. 5. Spectra of the x-direction vibration signals. (a) It is under a harmonic load of 85Nm. (b) It is under an impact load of 85Nm.
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Fig. 6. Spectra of the stator current signals. (a) It is under a harmonic load of 85Nm. (b) It is under an impact load of 85Nm.

Fig. 7. Spectra of the x-direction vibration signals processed by SVD. (a) It is under a harmonic load of 85 Nm. (b) It is under an impact load of 85 
Nm. The shape of the corresponding signal spectrum also varies under different types of loads.

Fig. 8. Spectra of current signals processed by SVD. (a) It is under a harmonic load of 85 Nm. (b) It is under an impact load of 85 Nm. The shape of 
the corresponding signal spectrum also varies under different types of loads.
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energy distribution of the vibration signal (Fig. 10 shows the x-direction) and the energy distribution of the current signal (Fig. 11) are 
obtained using the wavelet packet method. The figures’ energy distribution fluctuates and has different shapes, reflecting different 
effects of various loads on the response signal.

Fig. 9. Wavelet packet decomposition spectrum. The figure shows the current signal under a harmonic load of 85Nm.

Fig. 10. Energy distribution of the x-direction vibration signals extracted by wavelet package. (a) It is under a harmonic load of 85 Nm. (b) It is 
under an impact load of 85 Nm. The energy distribution of the corresponding signal varies under different types of loads.
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3.3. Qualitative recognition process

This section focuses on the measured signals and specifically introduces the load recognition process of the rotor system with 
respect to the following three aspects.

3.3.1. Selecting feature attributes
Three different parameters from each type of load form are selected and used as training samples (motor’s current and vibration 

signals from twelve times tests). After the preprocessing stage in Section 3.2, it is necessary to extract the feature values that can reflect 
the signal characteristics. According to the energy distribution diagram, the morphological changes exhibited differ. Moreover, dif
ferences in the distribution diagrams of different response signals (vibration signals, current signals) can also be observed. Subse
quently, the two signal types can be complementary and organically integrated through information fusion methods, improving the 
signal performance.

In Bayesian estimation, the “attribute interval of feature objects” refers to the possible range of parameter values. The “feature 
object” is the object or variable being studied, while the “attribute interval” is the range of possible values for that object or variable. In 
the Bayesian statistical framework, this interval can correspond to the support domain of the prior distribution or the confidence 
interval of the posterior distribution. The current signal in this paper is taken as an example. After signal preprocessing, the energy 
distribution of current signals under different types of loads is the feature object; one feature attribute of the selected object is λ1; the 
attribute intervals are three value ranges defined based on the distribution characteristics of the λ1 values from all the training samples. 
In other words, these intervals can reflect the distribution characteristics of signal feature attributes under different loads.

Given observational data, the selection of feature attribute intervals in Bayesian estimation typically depends on specific re
quirements and data characteristics. In the Bayesian statistical framework, features can be divided into multiple intervals, which can 
be based on equal width (each interval covers the same numerical range) or equal frequency (each interval contains the same number 
of observations). When handling classification problems, intervals can be dynamically selected based on the importance of the features 
and the natural breakpoints among feature values, in order to better describe the data distribution.

Table 4 lists the feature attributes and their attribute intervals of the selected sample signals. Two characteristic attributes are 
selected for the motor current signal: λ1 represents the ratio of the maximum node energy value to the minimum node energy value; λ2 
represents the sum of the energy values of node 2 and node 3. According to the characteristics of the sample signal, its attribute interval 
is divided into λ1 = {λ ≤ 1.7; 1.7 < λ < 2.0; λ ≥ 2.0}; λ2 = {λ ≤ 0.22; 0.22 < λ < 0.25; λ ≥ 0.25}. Based on the characteristics of the 
vibration signal, two feature attributes can be selected: λ3 represents the ratio of energy between node 5 and node 6; λ4 represents the 
ratio of the maximum node energy value to the minimum node energy value. Its attributes are divided into λ3 = {λ ≤ 1.05; 1.05 < λ <
1.34; λ ≥ 1.34}; λ4 = {λ ≤ 1.74; 1.74 < λ < 2.40; λ ≥ 2.40}.

3.3.2. Prior statistical distribution
Under four loading condition types, the analysis and solution are based on the node energy distribution of current information. The 

conditional probability matrix can be obtained for each feature attribute partition under each category, as shown in Eq. (10). This 
matrix is obtained based on twelve training samples (current) with three samples taken for each of the four types of loads. Bayesian 
estimation here is a matrix comprising two sets of conditional probabilities. The first to third columns of the matrix represent the 
conditional probability of feature attribute λ1, corresponding to the three intervals of λ1 in sequence. In contrast, the fourth to sixth 
columns represent the conditional probability of feature attribute λ2, corresponding to the three intervals of λ2 in sequence. Each row of 

Fig. 11. Energy distribution of current signals extracted by wavelet package. (a) It is under a harmonic load of 85 Nm. (b) It is under an impact load 
of 85 Nm. The energy distribution of the corresponding signal varies under different types of loads.

Table 4 
Feature attributes of samples.

Signal type (1) Motor current (2) Vibration

Feature λ1 λ2 λ3 λ4

Meaning The ratio of the maximum node energy 
value to the minimum node energy value

The sum of energy value 
of Node 2 and Node 3

The ratio of energy value 
between node 5 and node 6

The ratio of the maximum node energy 
value to the minimum node energy value

Attribute 
interval

{λ ≤ 1.70; 1.70 < λ < 2.00; λ ≥ 2.00} {λ ≤ 0.22; 0.22 < λ <
0.25; λ ≥ 0.25}

{λ ≤ 1.05; 1.05 < λ < 1.34; 
λ ≥ 1.34}

{λ ≤ 1.74; 1.74 < λ < 2.40; λ ≥ 2.40}
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the matrix corresponds to a type of load, from top to bottom being harmonic, impact, steady and linear. In each row, the first three 
numbers represent the probabilities of the training sample’s feature attribute values occurring within the three intervals of λ1, and the 
sum of these three numbers is 1; the last three numbers represent the probabilities of the training sample’s feature attribute values 
occurring within the three intervals of λ2, and the sum of these three numbers is 1.

Using the example of the 85Nm impact load in Fig. 10 (b). Its λ1 value is 2.192, falling in the right segment of the attribute interval 
{λ ≥ 2.0} in Table 3, and its conditional probability corresponds to 0.333 in the second row and third column of Eq. (10). Its λ2 value is 
0.216, falling in the left segment of the attribute interval {λ ≤ 0.22} in Table 3, and its conditional probability corresponds to the 
second row and fourth column of Eq. (10). Due to the fact that the λ2 values of the other two samples under impact load also fall within 
the left interval, the value at the second row and fourth column is "1". 

⎡

⎢
⎢
⎣

1 0 0 0 0 1
0 0.667 0.333 1 0 0

0.333 0.667 0 0.333 0 0.667
0 0.667 0.333 0 1 0

⎤

⎥
⎥
⎦ (10) 

In Eq. (10), there is a special case where P(λi | bj) = 0 is a zero frequency, representing that the conditional probability of feature 
attribute λi is 0 for a class bj. Bayesian classification relies on all feature attributes by default, greatly weakening the classification 
effect. Therefore, Laplace calibration is required to obtain: 

⎡

⎢
⎢
⎣

0.980 0.010 0.010 0.010 0.010 0.980
0.020 0.657 0.323 0.980 0.010 0.010
0.323 0.657 0.020 0.323 0.020 0.657
0.020 0.657 0.323 0.010 0.980 0.010

⎤

⎥
⎥
⎦ (11) 

Next, vibration information is analyzed and solved. The conditional probability matrix can be obtained for each feature attribute 
partition under each category, as shown in Eq. (12). Here, Bayesian estimation her is also a matrix comprising two sets of conditional 
probabilities. The first to third columns of the matrix represent the conditional probability of feature attribute λ3. In contrast, the fourth 
to sixth columns represent the conditional probability of feature attribute λ4. 

⎡

⎢
⎢
⎣

0.083 0.584 0.333 0.417 0.250 0.333
0.333 0.417 0.250 0.417 0.417 0.166
0.667 0.083 0.250 0.250 0.667 0.083
0.750 0.083 0.167 0.167 0.750 0.083

⎤

⎥
⎥
⎦ (12) 

3.3.3. Results and discussion

3.3.3.1. Recognition results of the fusion method. The other half of the experimental data is randomly selected as the test sample and 
made mutually exclusive with the training sample to ensure good generalization performance. For example, the load recognition 
method is illustrated based on information fusion via the qualitative recognition process of an 85 Nm harmonic load. Under this load, 
the corresponding response signals (vibration signals in three directions and current signals) are taken as known conditions and 
subjected to the preprocessing to obtain the node energy distribution: 

{0.130,0.108,0.146,0.110,0.141,0.109,0.118,0.122},
{0.139,0.087,0.149,0.130,0.126,0.088,0.102,0.172},
{0.155,0.091,0.145,0.099,0.073,0.145,0.082,0.168},
{0.123,0.141,0.136,0.117,0.095,0.108,0.107,0.136}.

(13) 

The following expression can be obtained: λ1 = 1.484,λ2 = 0.277; λ3 = 1.076,λ4 = 1.877.
Therefore, 

P(a|Y = Harmonic) = 0.980 × 0.980 × 0.584 × 0.250 = 0.14021840,
P(a|Y = Impact) = 0.020 × 0.010 × 0.333 × 0.417 = 0.00002777,
P(a|Y = Steady) = 0.323 × 0.657 × 0.083 × 0.667 = 0.01174821,
P(a|Y = linear) = 0.020 × 0.010 × 0.083 × 0.750 = 0.00001245 .

(14) 

The four load types are trained, ensuring that each type of load has the same number of training iterations: P( Y= Harmonic) =
P( Y= Impact) = P ( Y= Steady) = P( Y= Linear) . According to Eq. (8): 

P(Y = Harmonic|a) = max{P(Y = Steady|a),P(Y = Impact|a),P(Y = Harmonic|a),
P(Y = Linear|a) } (15) 

Therefore, according to these two types of response information, the qualitatively recognized result is consistent with the actual 
loading type in the experiment, i.e., the load type is in a "Harmonic".

3.3.3.2. Comparison of results between single and multi-source signal methods. For comparison purposes, the corresponding load rec
ognitions are also carried out based on single-source vibration signals and single-source motor’s current signals, respectively. The 
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qualitative recognition of 85 Nm harmonic load is taken as an example. The obtained results show that using the single-source vi
bration signals results in P(a|Y= Impact) maximum, indicating that the recognition result is an "impact load" and the result is incorrect. 
The single-source motor’s current signals obtain the maximum value of P(a|Y = Harmonic), indicating that the recognition result is the 
"harmonic load" and the result is correct. Similarly, these three methods are used to recognize loads on 12 test samples qualitatively.

The recognition results of the four types of loads are shown in Table 5. The recognition accuracy of the motor’s current method is 
83.8 %, the recognition accuracy of the vibration method is 75.0 %, and the recognition accuracy of the fusion method is 91.7 %. These 
results indicate that the load recognition accuracy based on single source signals (motor current or vibration) is relatively low. A 
possible reason is that the selected number of operation samples is relatively small. Consequently, other test samples might be mis
evaluated, affecting the recognition accuracy. Furthermore, the selected feature attributes did not perfectly reflect the signal char
acteristics. The information fusion method improves these issues compared to single-source signal methods, resulting in higher 
recognition reliability.

The above comparative analysis shows that multi-source fusion methods can significantly improve the accuracy of load recogni
tion. Furthermore, as the number of samples involved in the operation increases, the effectiveness of load recognition will be 
improved, and the final recognition accuracy of the fusion method will be better. Simultaneously, strengthening data mining and 
optimizing feature attributes to present signal characteristics perfectly can improve final recognition accuracy.

Due to space limitations, this study was unable to provide a comprehensive and multi angle analysis and introduction of "load 
recognition". It mainly includes the following two points. (1) Expansion of research direction in load recognition: this article mainly 
focuses on the type recognition of excitation loads and the characteristic analysis of their response information, and has not yet 
introduced other research directions in load recognition. (2) Expansion of application scenarios in load recognition: this article mainly 
focuses on the recognition research of several typical excitation loads, and can proceed to explore and discuss more complex special 
operating environments.

4. Conclusions

A fusion information method based on Bayesian estimation for the qualitative recognition of complex load types was proposed in 
this paper, addressing the limitations of single-type signals. The following conclusions are drawn:

Firstly, a signal reinforcement preprocessing method was obtained. In this paper, the components that reflect the load charac
teristics can be highlighted using singular value decomposition to eliminate the power frequency components in the vibration signal 
and current signal spectra. Digitalization of different load characteristics was achieved by utilizing the wavelet packet decomposition 
method to extract the spectral energy of the signal.

Secondly, effective payload recognition was achieved via the feature-level fusion method. In other words, the engineering problem 
of load recognition can be transformed into a mathematical problem by strengthening the preprocessed signals and using the Bayesian 
estimation method, achieving qualitative recognition of complex loads in a rotor system.

Finally, comparative results of single and multi-source signal methods were also obtained. Comparison of load recognition results 
between single and multi-source signal methods revealed that the fusion information method based on Bayesian estimation can 
overcome the shortcomings of a single signal, comprehensively coordinate multiple source signals, and improve the availability and 
confidence of information in time and space. Consequently, the detection and recognition ability of excitation loads are enhanced.

CRediT authorship contribution statement

Kun Zhang: Conceptualization, Data curation, Formal analysis, Funding acquisition, Methodology, Writing – original draft, 
Writing – review & editing. Zhaojian Yang: Conceptualization, Funding acquisition, Investigation, Methodology, Resources, Vali
dation, Writing – review & editing.

Data availability

Data will be made available on request.

Declaration of competing interest

The authors declare the following financial interests/personal relationships which may be considered as potential competing in
terests:Zhaojian Yang reports financial support was provided by National Natural Science Foundation of China. Kun Zhang reports 
financial support was provided by Shanxi Provincial Department of Science and Technology. If there are other authors, they declare 

Table 5 
Comparison of different methods.

Method Correct recognition number Accuracy

Motor current 10 83.3 %
Vibration 9 75.0 %
Fuse information 11 91.7 %

K. Zhang and Z. Yang                                                                                                                                                                                                Heliyon 10 (2024) e39956 

12 



that they have no known competing financial interests or personal relationships that could have appeared to influence the work re
ported in this paper.

Acknowledgment

This work was supported by National Natural Science Foundation of China (No. 51475318) and Basic Research Program of Shanxi 
Province (Natural Exploration) (No. 202103021223101). The authors also would like to thank MogoEdit (https://www.mogoedit. 
com) for its English editing during the preparation of this manuscript.

References

[1] Z.Y. Chen, Y. Liu, A. Valera-Medina, F. Robinson, Strip snap analytics in cold rolling process using machine learning, 2019 Ieee 15th, Int Conf Autom Sci Eng 9 
(2019) 368–373, https://doi.org/10.1109/coase.2019.8842967.

[2] Y.R. Liu, L. Wang, Multiobjective-clustering-based optimal heterogeneous sensor placement method for thermo-mechanical load identification, Int. J. Mech. Sci. 
253 (2023) 1–23, https://doi.org/10.1016/j.ijmecsci.2023.108369.

[3] C.Y. Fu, D.S. Shan, Q. Li, Damage location identification of railway bridge based on vibration response caused by vehicles, J. Southwest Jiao Tong Univ. 46 
(2011) 719–725+769, https://doi.org/10.3969/j.issn.0258-2724.2011.05.002.

[4] J.Y. Zheng, J.Y. Tang, Z.X. Zhou, J.L. Heng, X. Chu, T. Wu, Intelligent cognition of traffic loads on road bridges: from measurement to simulation - a review, 
Measurement 200 (2022) 1–23, https://doi.org/10.1016/j.measurement.2022.111636.

[5] F. Xu, H.H. Chen, M. Bao, Force identification for mechanical vibration: state-of-the art and prospect, China Mech. Eng. 13 (2002) 526–531, https://doi.org/ 
10.3321/j.issn:1004-132X.2002.06.024.

[6] Y.R. Liu, L. Wang, Quantification, localization, and reconstruction of impact force on interval composite structures, Int. J. Mech. Sci. 239 (2022) 1–23, https:// 
doi.org/10.1016/j.ijmecsci.2022.107873.

[7] B. Movahedian, B. Boroomand, Inverse identification of time-harmonic loads acting on thin plates using approximated Green’s functions, Inverse Probl Sci En 24 
(2016) 1475–1493, https://doi.org/10.1080/17415977.2015.1124430.

[8] J.S. Hwang, D.K. Kwon, A. Kareem, Frequency domain identification of modal characteristics and loads from output-only measurements, Comput-aided Civ Inf 
38 (2023) 2092–2108, https://doi.org/10.1111/mice.13011.

[9] F.D. Bartlett, W.G. Flannelly, Model verification of force determination for measuring vibratory loads, J Am Hellcopter Soc. 24 (1979) 10–18, https://doi.org/ 
10.4050/JAHS.24.2.10.

[10] O.W. Petersen, O. Oiseth, E. Lourens, Investigation of dynamic wind loads on a long-span suspension bridge identified from measured acceleration data, J. Wind 
Eng. Ind. Aerod. 196 (2020) 1–16, https://doi.org/10.1016/j.jweia.2019.104045.

[11] Z.L. Wang, D.W. Shi, Y.D. Xu, D. Zhen, F.S. Gu, A.D. Ball, Early rolling bearing fault diagnosis in induction motors based on on-rotor sensing vibrations, 
Measurement 222 (2023) 1–15, https://doi.org/10.1016/j.measurement.2023.113614.

[12] W.D. Mark, H. Lee, R.J.D. Patrick, A simple frequency-domain algorithm for early detection of damaged gear teeth, Mech Syst Signal Pr 24 (2010) 2807–2823, 
https://doi.org/10.1016/j.ymssp.2010.04.004.

[13] Q. Lin, S.L. Yu, A portable digital torsional vibration analysis system and its signal processing, Adv. Mater. Res. 490–495 (2012) 1903–1907, https://doi.org/ 
10.4028/www.scientific.net/AMR.490-495.1903.

[14] S. Hassani, U. Dackermann, A systematic review of advanced sensor technologies for non-destructive testing and structural health monitoring, Sensors 23 (2023) 
1–83, https://doi.org/10.3390/s23042204.

[15] V. Sharma, A. Parey, Frequency domain averaging based experimental evaluation of gear fault without tachometer for fluctuating speed conditions, Mech Syst 
Signal Pr 85 (2017) 278–295, https://doi.org/10.1016/j.ymssp.2016.08.015.

[16] J.H. Cao, Z.B. Yang, R.B. Sun, G.R. Teng, OPR-free single probe blade tip timing for monitoring rotating blade, Int. J. Mech. Sci. 247 (2023) 1–22, 10.1016/ 
10.1016/j.ijmecsci.2023.108174.
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