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Highlights  Abstract  

▪ A deep compressed sensing method with the 

locality/globality and the structure prior. 

▪ The output layer weights are initialized by the 

data structure information. 

▪ Subsequent PHM tasks accuracy is considered 

to better evaluate the PHM tasks fitness. 

▪ The method has superior adaptability in the 

PHM framework. 

 The compressed sensing (CS) methods have two issues when processing 

vibration signals of rotating machinery: (1) the data-driven method and 

signal priors (e.g., global/local and structure priors) are not combined 

well, resulting in the reconstruction not converging to high-precision 

results; (2) the current metrics only focus on numerical accuracy and do 

not consider PHM scene fitness. We propose a deep compressed sensing 

framework (RMVS-DCS): (1) Global-Local Feature Reconstruction 

(GLFR) blocks alternately reconstruct features at global and local scales. 

Pre-train the output layer by dictionary learning, introducing the signal 

structure prior to guiding the model to converge to a better one. (2) A 

dual evaluation system, combining the numerical indicators and 

prognostics and health management (PHM) task accuracy, helps the 

model selection in PHM scenarios. On the rotor unbalance data set, its 

reconstruction and prediction error are reduced by 82.60% and 89.90% 

(compression ratio is 0.5), demonstrating the advanced reconstruction 

precision and PHM compatibility of the framework. 
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1. Introduction 

With the theory development and hardware upgrading, 

prognostics and health management (PHM) [1] has become 

critical to equipment maintenance [2, 3]. The vibration signal of 

rotating machinery is used in PHM tasks such as fault diagnosis 

[4], anomaly detection [5], and life prediction [6] because it 

contains a lot of running state information [7, 8].  

Long-time and high-frequency sampling will produce 

amounts of data that significantly burden the sampling, 

transmission, and storage devices [9], especially after adopting 

multi-channel [10], multi-modal [11], and large model [12] 

technologies. Many data compression methods can be used to 

alleviate the problem. Still, almost all of them need to follow 

the Nyquist sampling theorem and then use complex algorithms 

to compress the signal on the sampling device. 

 

Eksploatacja i Niezawodnosc – Maintenance and Reliability 
Volume 28 (2026), Issue 2 

journal homepage: http://www.ein.org.pl 
 

 

Article citation info: 
Wei Q, Wang X, Sun Y, Tian X, Cui L, A signal structure priori enhanced deep compressed sensing method for vibration signals and 

an improved reconstruction evaluation method in the PHM framework, Eksploatacja i Niezawodnosc – Maintenance and Reliability 
2026: 28(2) http:/10.17531/ein/215926 

(*) (**) Corresponding author. 

E-mail addresses: 

 

Q. Wei (ORCID: 0009-0002-0192-3045) 451021634@qq.com, X. Wang (ORCID: 0009-0009-3360-1199) 

ytwangxiuyu@gmail.com, Y. Sun (ORCID: 0000-0002-1397-8302) sunyujie@sdu.edu.cn, X. Tian (ORCID: 0000-0001-9814-
9521) txch@sdu.edu.cn, L. Cui (ORCID: 0000-0001-5450-5221) cuilong@sdu.edu.cn 

https://orcid.org/0009-0002-0192-3045


Eksploatacja i Niezawodność – Maintenance and Reliability Vol. 28, No. 2, 2026 

 

Compressed sensing (CS) [13] is a method combining signal 

sampling, compression, and reconstruction, by which people 

can obtain the compressed signal under the condition of less 

than Nyquist sampling frequency [14, 15]. Only one 

measurement matrix is needed for compression on the sampling 

device, and the signal is recovered from the compressed data on 

the server device. Therefore, compressed sensing has attracted 

the attention of academic and industrial fields since it was 

proposed [16, 17]. 

In classical compressed sensing, the signal can be 

compressed if it is sparse enough in some transform domain. 

The signal is downsampled with the matrix satisfying certain 

conditions. Some random matrices, such as the Gaussian and 

Bernoulli random matrices, are proven to fit the task [13]. 

Finally, the original signal is recovered using the reconstruction 

algorithm. There are three main problems in compressed 

sensing: sparse representation, measurement matrix selection, 

and reconstruction algorithm design. Among the issues, 

reconstruction algorithm design is most important because it 

directly decides reconstruction quality. The sparse signal in 

specific domains can be recovered firstly by some methods, 

such as SAMPVSS [18] and other greedy algorithms; fast 

iterative parametric improved threshold algorithm (FIPITA) [19] 

and other convex relaxation methods; covariance-free sparse 

Bayesian learning [20] and other reconstruction algorithms 

based on Bayesian frameworks. Mathematical models support 

these algorithms and have good interpretability, but the 

reconstruction accuracy is usually insufficient. 

In recent years, deep learning has shown excellent learning 

ability in many tasks. Some studies introduce deep learning into 

compressed sensing reconstruction tasks [21, 22]. Kulkarni et al. 

[23] reconstruct the original signal/image from measured values 

end-to-end. Zhang et al. [24] combine the optimization method 

with the network to unfold the iterative process, and methods 

like it are called deep unfolding networks (DUN) [25]. 

In the PHM field, some scholars try to apply compressed 

sensing to fault diagnosis tasks [26]. Shao et al. [27] use the 

compressed sensing measurement process to reduce the 

vibration data amount for analysis efficiency. Yuan et al. [28] 

use compressed sensing for fault diagnosis based on 

reconstruction. However, only a few compressed sensing 

studies [29, 30] aim to get more accurate reconstructed vibration 

signals of rotating machinery. Sun et al. [31] introduce the block 

sparse Bayesian learning (BSBL) algorithm, which uses the 

block characteristics and inherent structure of the bearing signal 

to reconstruct the sparse coefficient and restore the original 

signal. Pan et al. [32] propose an algorithm named variable 

stepsize forward-backward pursuit (VSFBP), which uses two 

fuzzy parameters to control the two-stage matching pursuit 

algorithm to improve the reconstruction accuracy as well as 

speed, and updates the observation matrix after each iteration to 

prevent excessive backtracking. In [33] and [34], the 

researchers try to overcome the defects existing in the iterative 

threshold shrinkage algorithms and apply the improved methods 

to the vibration signal compressed sensing. Zhang et al. [35] use 

the end-to-end learning method to build the measurement 

matrix and the high-precision reconstruction network, 

designing a deep compressed sensing (DCS) network named 

DCSNet. 

The methods demonstrate the potential of compressed 

sensing for vibration signals, but there are still some problems 

in the studies: 

(1) the methods do not combine the data-driven method's 

powerful learning ability well with the signal's priors (e.g., the 

locality/globality of signal features and the signal structure 

prior), resulting in the reconstruction not converging to high-

precision results. 

(2) the suitability for PHM tasks is not comprehensively 

discussed, which affects the optimization and selection of the 

model. 

Actually, the latter may be attributed to the fact that most 

evaluation methods only consider the statistical properties of the 

reconstructed signals and do not take the particularity of the 

compressed sensing in the PHM framework into account: the 

reconstruction results are prepared for subsequent health status 

analysis. 

To obtain a method that can produce more accurate and 

suitable reconstruction results in the PHM framework, we 

propose a deep compression sensing framework named 

rotating machinery vibration signal-deep compressed 

sensing (RMVS-DCS). The measurement is accomplished by 

only one learnable linear measurement layer to reduce the 

burden of the sampling device and preserve the key features. 

The reconstruction network is a multi-layer neural network, 
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including several blocks for cooperative and alternative global 

information fusion and local feature learning. We use an 

improved optimization strategy to acquire the parameters of the 

output layer. The network training obtained an excellent initial 

state by giving the initial weights that can sparsely represent the 

original signal, improving the signal reconstruction ability. 

In addition to the numerical accuracy, we also use 

reconstructed signals and raw data as inputs for health diagnosis 

tasks, incorporating their accuracies into the evaluation criteria 

to better measure the fitness of compressed sensing methods in 

various rotating machinery PHM scenarios. 

The contributions of the paper are as follows: 

(1) An deep compressed sensing framework for PHM named 

RMVS-DCS is proposed. Global-Local Feature Reconstruction 

(GLFR) blocks can alternately reconstruct features at both 

global and local scales by the powerful nonlinear fitting 

capability of attention-convolution mixed networks. An 

improved output layer optimizing strategy is proposed. The 

output layer weights are initialized with a set of standard sparse 

bases that can redundantly represent the signal, introducing the 

signal structure prior for guiding the model to converge to  

a better one. 

(2) A dual evaluation system for reconstruction helps the 

evaluation and selection of CS models in PHM scenarios. 

Besides the numerical accuracy, the accuracy of subsequent 

various PHM tasks should also be considered compared with 

some control groups. 

The remainder of the paper will give a more detailed 

description of our research. Section 2 introduces classical 

compressed sensing. Section 3 describes the algorithm and 

reconstruction evaluation method of the RMVS-DCS 

framework. Section 4 presents the experiments on a private 

rotor data set and two bearing data sets. Section 5 is the 

conclusions and prospects. 

2. Compressed sensing 

Compressed sensing includes two stages: measurement and 

reconstruction. 

The measurement is a process combining sampling and 

compression. The quality of the measurement is vital for perfect 

recovery of the signal, so it is usually impossible to ignore the 

measurement when discussing the reconstruction. Suppose the 

raw signal is 𝑥 ∈ ℝ𝑁×1 , the measurement process can be 

expressed as 

𝑦 = Φ𝑥 (1) 

where 𝑦 ∈ ℝ𝑀×1  is the measurement result and Φ ∈

ℝ𝑀×𝑁(𝑀 < 𝑁)  is a measurement matrix. We define the 

compression ratio CR in Eq. (2) 

𝐶𝑅 = 𝑀/𝑁 (2) 

The reconstruction is the process of getting x by y and Φ. It 

is an ill-conditioned problem that makes it challenging to obtain 

a solution directly. However, if a signal can be sparsely 

represented by a sparse basis matrix (dictionary) and some 

sparse coefficients, it can be recovered from the measurement 

result according to classical compressed sensing [13]. Suppose 

𝑥 = Ψ𝑠 , where Ψ ∈ ℝ𝑁×𝑁  is the sparse basis matrix and 𝑠 ∈

ℝ𝑁×1 is the sparse coefficients reconstructed first. If s has K (K 

< M) non-zero elements, we call s a K-sparse vector. Eq. (1) can 

be transformed into 

𝑦 = Φ𝑥 = ΦΨ𝑠 = Θ𝑠 (3) 

where Θ is called the sensing matrix. 

To ensure that the raw signal is successfully reconstructed, 

Θ must meet the restricted isometry property (RIP) 

(1 − 𝛿𝐾)‖𝑥‖𝑙2

2 ≤ ‖Θ𝑥‖𝑙2

2 ≤ (1 + 𝛿𝐾)‖𝑥‖𝑙2

2  (4) 

where 𝛿𝐾  is restricted isometry constraint (RIC), 𝛿𝐾 < 1 . 

Confirming whether a matrix satisfies RIP is complicated. In 

[36], it is proved that the equivalence condition for RIP is that 

Φ  and Ψ  are incoherent, and some random measurement 

matrices (Gaussian random matrix, etc.) satisfy the condition. 

The reconstruction problem can be described as 

𝑠′ = 𝑎𝑟𝑔𝑚𝑖𝑛‖𝑠′‖0  subject to ‖𝑦 − Θ𝑠′‖2
2 ≤ 𝜀 (5) 

where 𝜀 is the parameter depending on the noise variance. The 

problem is still NP-hard [37]. Under certain conditions, the 

ℓ1-norm  optimization objective is equivalent to the ℓ0-norm 

optimization objective [13] 

𝑠′ = 𝑎𝑟𝑔𝑚𝑖𝑛‖𝑠′‖1  subject to ‖𝑦 − Θ𝑠′‖2
2 ≤ 𝜀 (6) 

Eq. (6) can be solved by the convex optimization theory 

3. RMVS-DCS and improved CS reconstruction 

evaluation method 

3.1. RMVS-DCS 

Under the abovementioned constraints, classical CS 

frameworks realize signal reconstruction through greedy 

algorithms, convex relaxation methods, and others. However, 

they might have mediocre reconstruction accuracy, lose 

important status information [22], and provide poor inputs for 
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health state evaluation. There is the possibility of further 

improvement in these aspects. We propose a more effective 

deep compressed sensing framework named RMVS-DCS, 

accomplishing the end-to-end measurement-reconstruction 

process through neural networks, as shown in Fig. 1. It can 

improve the reconstruction accuracy and fitness in PHM tasks 

by the designed structure. 

3.1.1. Signal Preprocess 

First, we need to preprocess the raw signal. An original signal 

sample 𝑥𝑖 = [𝑥𝑖
1, 𝑥𝑖

2, … , 𝑥𝑖
𝐿] (L is the length of the sample, i is 

the index in the data set or batch X) is divided into s sub-

segments with length N. The dimensions of the batch change 

from 𝑋 ∈ ℝ𝑏×𝐿 to 𝑋 ∈ ℝ𝑏𝑠×𝑁, where b is the batch size. 

3.1.2. Measurement 

The measurement module (MM) contains only one learnable 

linear layer. The reason for not using a deeper network is that 

the measurement is carried out at the sampling end, where the 

computational ability is usually limited, so complex networks 

are unsuitable. The expression is 

𝑌 = (𝑊Φ𝑋T)T, 𝑊Φ ∈ ℝ𝑀×𝑁 (7) 

where 𝑊Φ is the 𝑀 × 𝑁 learnable measurement matrix, X is the 

input signal, and 𝑌 ∈ ℝ𝑏𝑠×𝑀  is the measurement result. The 

measurement and the reconstruction modules (RM) are 

connected during network training and its parameters are 

updated by back-propagation. Compared with classic 

measurement matrices (e.g., Gaussian random matrix), the 

learning measurement matrix ignores the constraint of RIP and 

can project the signal into the suitable space for reconstruction. 

The information required is preserved as much as possible.

 

Fig. 1. Schematic diagram of RMVS-DCS. 

3.1.3. Reconstruction 

As shown in Fig. 2, the reconstruction module consists of the 

1st linear projection layer, several GLFR blocks, the 2nd linear 

projection layer, and an output layer that acquires the prior 

knowledge about the signal structure. 

1st linear projection layer In the reconstruction stage, the 

dimensions of the measurement result should be increased first 

𝑍LL1 = (𝑊LL1𝑌T)T + 𝐵LL1, 𝑊LL1 ∈ ℝ2𝑁×𝑀 (8) 

where 𝑍LL1 is the output after increasing dimensions, and Y is 

the measurement result. 𝑊LL1, 𝐵LL1 are the weights and biases 

of the layer, respectively. The design of increasing the 

dimensions to 2N is not a simple expansion. Instead, it is aimed 

at constructing a more comprehensive feature expression space: 
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(1) In the low-dimensional measurement space, the features 

of different vibration modes are prone to overlap. After 

dimensionality increase, the larger spatial freedom can disperse 

the originally compact measurement vectors to higher-

dimensional coordinates, highlighting the subtle differences of 

vibration signals under different conditions. 

(2) The subsequent module needs to alternatively perform 

global information fusion and local feature learning. The high-

dimensional feature space can provide more sufficient 

information carriers for these two operations and reduce the 

attenuation of effective information caused by multiple feature 

transformations.

 

Fig. 2. Schematic diagram of the reconstruction module. 

GLFR block The signal recovery quality depends very 

much on the feature extraction ability of the reconstruction 

network. Global-local feature reconstruction is more suitable 

for rotating machinery vibration signals than a single operation. 

The core reason is that rotating machinery vibration signals 

inherently contain both global-level information and local-level 

information (such as transient impact pulses). A single global 

operation is prone to smoothing out local fault details, resulting 

in a deterioration of reconstruction quality, while a single local 

operation would disrupt the long-range dependency 

relationships of the signal. 

We design a block that can alternatively extract both types 

of features, named GLFR block. A global information fusion 

component first models the dependencies between sub-

segments to provide an overall context, then extracts local fine-

grained features through a local feature learning component, 

and simultaneously retains both types of information through 

residual connections. The details are as follows. 

The GLFR block comprises a normalization layer, a global 

information fusion component, and a local feature learning 

component. In the block, layer normalization LN(⋅) is applied 

to the input first. It performs normalization within the sample, 

mitigating overfitting and making the training process smoother 

𝜇 = ∑ 𝑥𝑖,𝑗

𝑠,𝑁

𝑖=0,𝑗=0

 

𝜎 = √ ∑ (𝑥𝑖,𝑗 − 𝜇)2 + 𝜀

𝑠,𝑁

𝑖=0,𝑗=0

 

LN(𝑥) = (𝑥 − 𝜇)/𝜎 ∗ 𝛾 + 𝛽 

(9) 

where 𝑥 ∈ ℝ𝑠×𝑁 are the representations of the sub-segment, 𝜇 

is the mean, 𝜎  is the standard deviation, 𝛾  and 𝛽  are the 

learnable scaling and bias parameters, respectively, 𝜀 is a small 

value that prevents 𝜎 from being zero. 

The global information fusion component performs 

information fusion among sub-segments by the self-attention 

operation 

𝐴𝑡𝑡𝑛(𝑄, 𝐾, 𝑉) = Softmax(𝑄𝐾T/√𝑑𝑘)𝑉 (10) 

where √𝑑𝑘  is a scale factor. Q, K, and V are query, key, and 

value matrices. Because they are the mapping results of the 

same input in linear layers, the multiplication of Q and K can 

capture the dependence between sub-segments in pairs [38, 39], 

by which the relationships among sub-segments are learned. If 

using the convolutional network, it needs to increase the depth 

to expand the receptive field to extract global features, while the 

self-attention structure can accomplish this without the addition 

of extra layers. 
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The global feature fusion component abandons the multi-

head mechanism because the core design logic of the GLFR 

block is the synergy of global information fusion (attention) and 

local feature learning (convolution). If multi-head attention 

further splits the features in multiple dimensions, it would 

separate the originally continuous features into multiple sub-

dimensions, resulting in the dispersion of global correlations 

between sub-segments; single-head attention would retain 

globality. Besides, multi-head attention, due to its more 

parameters and more complex optimization space, is prone to 

training oscillations and difficult to converge to the optimal 

solution; while single-head attention has a simpler optimization 

objective and a smoother model training process, and can 

converge to a better one. 

After that, there should be a component for in-segment 

learning. We design a local feature learning component, which 

is composed of convolutional layers, batch normalization layers, 

and a GELU (Gaussian error linear unit) [40] activation layer 

for in-segment feature extraction 

𝑍𝑙
𝑖 = BN𝑖(Conv𝑖(𝑍𝑙

𝑖 ′)), 𝑖 = 1,2,3 

𝑍𝑙
output

= GELU(𝑍𝑙
3) 

(11) 

where 𝑍𝑙
𝑖 ′ and 𝑍𝑙

𝑖  are the input and output of the ith unit of the 

local feature learning component in the lth GLFR block. 

Conv𝑖(⋅) is the convolutional layer. The key local features of 

vibration signals have local correlation and translation 

invariance. The convolution layer inherently possesses these 

two inductive biases. By sliding the convolution kernel, it can 

accurately extract local details within sub-fragments, avoiding 

missed detections due to changes in feature positions. 

Additionally, the convolutional structure can avoid overfitting 

during the signal reconstruction process. 

In the convolutional structure, each kernel is equivalent to  

a filter. The filters in the shallower layer are responsible for 

extracting low-frequency features and learning the general 

outline. These types of features are relatively few in number but 

have a larger size. With a small number of kernels, they can 

learn relatively fully. Therefore, the first convolutional layer has 

a smaller number of channels (32 in our experiments) and  

a larger kernel size (7). The filters at the deeper layer tend to 

extract high-frequency features, i.e., the details of the signal. 

These types of features are more numerous and have a smaller 

size. More kernels are needed for learning. Therefore, the 

second convolutional layer has a larger number of channels (64) 

and a smaller kernel size (3). The third convolutional layer is a 

single-channel structure mainly to summarize all the feature 

maps and obtain a feature map that best reflects the general 

characteristics. 

BN𝑖(⋅)  represents the batch normalization layer in the ith 

unit. 

𝜇𝑗 =
1

𝐵
∑ 𝑋𝑖,𝑗,𝑘

𝐵,𝑁

𝑖=0,𝑘=0

 

𝜎𝑗 = √
1

𝐵
∑ (𝑋𝑖,𝑗,𝑘 − 𝜇)2 + 𝜀

𝐵,𝑁

𝑖=0,𝑘=0

 

BN(𝑋) = (𝑋 − 𝜇)/𝜎 ∗ 𝛾 + 𝛽 

(12) 

where j is the channel index, and B is the current batch size. The 

expression of GELU is 

Φ(𝑥) = [1 + erf(𝑥/√2)]/2 

GELU(𝑥) = 𝑥Φ(𝑥) 
(13) 

where erf(⋅) = (2/√𝜋) ∫ 𝑒−𝑡2𝑥

0
𝑑𝑡 . Using GELU as an 

activation function has three advantages: (1) it has a smoother 

derivative curve; (2) it alleviates the vanishing gradient; (3) it 

accelerates convergence. The component reduces the risk of 

overfitting, making the network easier to train by introducing 

inductive biases and normalization. 

The global information fusion and local feature learning 

components are connected by shortcuts, respectively. The 

expression is 

𝑍𝑙′ = 𝐹global(LN(𝑍𝑙−1)) + 𝑍𝑙−1 

𝑍𝑙 = 𝐹local(𝑍𝑙′) + 𝑍𝑙′ 
(14) 

where 𝑍𝑙′  is the output of the global information fusion 

component in the 𝑙th block, 𝐹global(⋅) is the global information 

fusion component, 𝐹local(⋅) is the local feature learning 

component, LN(⋅) is layer normalization, 𝑍𝑙−1 is the output of 

the l-1th GLFR block and 𝑍𝑙 is the output of the lth GLFR block. 

Not only do the characteristics of the original vibration signals 

possess both global and local properties, but we also hope that 

the reconstruction network can integrate the global and local 

features at different depths. Therefore, the two processes are 

completed alternately, rather than in other orders. 

2nd linear projection layer After multiple GLFR blocks, a 

linear layer maps the output once 

𝑍LL2 = (𝑊LL2𝑍𝑙
T)T + 𝐵LL2, 𝑊LL2 ∈ ℝ2𝑁×2𝑁 (15) 

where 𝑍𝑙  and 𝑍LL2  are the input and output of the 2nd linear 

layer, 𝑊LL2 and 𝐵LL2 are the weights and biases. The shape of 



Eksploatacja i Niezawodność – Maintenance and Reliability Vol. 28, No. 2, 2026 

 

𝑊LL2 indicates that the output's dimensions are not changed in 

the layer. 

Signal structure prior enhanced output layer The deep 

compressed sensing completely optimized by back-propagation 

largely depends on data quality. Its generalization performance 

needs to be further improved. In other words, the reconstruction 

quality of the new sample is not as good as expected. 

To deal with the problem, we propose an output layer 

optimizing strategy for RMVS-DCS. The strategy tries to find 

an overcomplete (a matrix with columns more than N) set of 

atoms Ψ ∈ ℝ𝑁×𝐶  (𝑁 < 𝐶) to initial weights, which can perform 

sparse signal reconstruction. The optimization objective of the 

weight initialization is 

𝑋 ≈ Ψ𝑆 (16) 

where the original signals 𝑋 = {𝑥𝑖}𝑖=1
𝑛 , the sparse coefficients 

𝑆 = {𝑠𝑖}𝑖=1
𝑛 . S should be as sparse as possible. The constrained 

optimization objective can be expressed as 

𝑚𝑖𝑛
Ψ,𝑆

‖𝑋 − Ψ𝑆‖𝐹
2  subject to ∀𝑖 ‖𝑠𝑖‖0 ≤ 𝐾0 (17) 

where 𝐾0  is the sparsity threshold. Eq. (17) also can be 

transformed into an unconstrained form using the Lagrange 

multiplier method 

𝑚𝑖𝑛
Ψ,𝑆

‖𝑋 − Ψ𝑆‖𝐹
2 + 𝜆‖𝑠𝑖‖1 (18) 

where 𝜆  is the Lagrange multiplier. ‖𝑠𝑖‖0  is substituted for 

‖𝑠𝑖‖1  to facilitate the solution. Eq. (17) can be solved by K-

SVD. After that, the acquired atoms are transferred to the output 

layer as the initial weights 𝑊Ψ. Since the initial weights are a 

set of overcomplete atoms that can sparsely represent the 

original signal, the subsequent optimization process is in a 

better initial state. In contrast, the ordinary weight initialization 

method does not have this property. Finally, we train the 

network using the back-propagation algorithm. 

During inference, the output of the 2nd linear layer 𝑍LL2 and 

𝑊Ψ are multiplied to get the reconstructed sub-segments 

𝑋𝑖
′ = (𝑊Ψ𝑍LL2

T)T (19) 

The layer projects the previous output into the 

corresponding space. The prior knowledge of the signal 

structure is transferred to the network, and the range of solutions 

is constrained, improving its generalization and reconstruction 

ability. Because the introduced signal structure prior is 

supported by rigorous mathematical theory, the interpretability 

of the model is also enhanced. 

After several sub-segments are reconstituted to form the 

complete signal, the reconstruction result with higher accuracy 

is acquired. 

3.1.4. Training process 

The training process mainly includes two stages: initializing the 

weights of the output layer and training the network. 

Algorithm 1: the optimizing process of the output layer in 

RMVS-DCS 

 
Task: initialize and optimize the output layer parameters 

of RMVS-DCS 

 
Hyperparameters: max iterations of K-SVD 𝑛iter , 

tolerance of K-SVD 𝑡 

 Reshape 𝑋 ∈ ℝ𝑛×𝐿 → 𝑋 ∈ ℝ𝑛𝑠×𝑁 

 
Initialize Select 𝐶  signal sub-segments in 𝑋  to initialize 

Ψ(0) = {𝜓𝑖
(0)

}𝑖=1
𝐶 , Ψ(0) ∈ ℝ𝑁×𝐶. Iterator 𝐽 = 1 

 Normalize 𝜓𝑖
(0)

= 𝜓𝑖
(0)

/√∑ (𝜓
𝑗,𝑖

(0)
)2𝑁

𝑗=1 , 𝑖 = 1,2,3, … , 𝐶 

 Repeat until 𝐽 = 𝑛iter or ‖𝑋 − Ψ𝑆‖𝐹
2 < 𝑡 

 

    K-SVD Dictionary Learning Obtain 𝑆 by match pursuit 

MP(𝑋, Ψ) . Update Ψ  by decomposing the error 𝐸𝑘
′  using 

SVD. 𝐽 = 𝐽 + 1 

 end 

 Normalization 𝜓𝑖 = 𝜓𝑖/√∑ 𝜓𝑗,𝑖
2𝑁

𝑗=1 , 𝑖 = 1,2,3, … , 𝐶 

 

If ‖𝑋 − Ψ𝑆‖𝐹
2   does not converge, increase 𝑛iter  and train 

again. 

// Network training stage 

 

Initialize the weights of the output layer in RMVS-DCS 

𝑊Ψ = Ψ 

Forward 𝑋𝑖
′ = (𝑊Ψ𝑍LL2

𝑇)𝑇  

Batch loss 𝑙𝑜𝑠𝑠(𝑋, 𝑋′;  𝑊Ψ) 

If 𝑊Ψ need to be updated 

Calculate gradients 
𝛿𝑙𝑜𝑠𝑠

𝛿𝑊Ψ
 

Update weights 𝑊Ψ ← 𝑊Ψ − 𝜂
𝛿𝑙𝑜𝑠𝑠

𝛿𝑊Ψ
 

Else do not calculate gradients 

 end 

Before using back-propagation to optimize the neural 

network, the initial weights of the output layer should be 

obtained by optimizing Eq. (17). We choose the K-SVD 

algorithm for the task. K-SVD is a dictionary (i.e., a set of atoms) 

learning method that can utilize data structure information to 

design an overcomplete dictionary. Let C sub-segments of the 

samples as atoms to initialize a matrix Ψ(0) = {𝜓𝑖
(0)

}𝑖=1
𝐶 , Ψ(0) ∈

ℝ𝑁×𝐶 . Ψ and S are updated alternately during the optimization 

process. Fixing Ψ , it is also NP-hard. Therefore, we can use 

matching pursuit (MP) to approximate S. When updating each 

column 𝜓𝑘  of the dictionary Ψ  in turn, Eq. (17) can be 

transformed into 
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(20) 

where 𝑠T
𝑗
 , 𝑠T

𝑘  are the jth and kth rows of S. The form of the 

optimization problem becomes 

𝑚𝑖𝑛
𝜓𝑘,𝑠T

𝑘
‖𝐸𝑘 − 𝜓𝑘𝑠T

𝑘‖
𝐹

2
 (21) 

However, decomposing 𝐸𝑘  directly does not result in a 

sparse result. The columns in 𝐸𝑘, which correspond to the non-

zero positions in 𝑠T
𝑘, need to be extracted to build 𝐸𝑘

′ 

𝑚𝑖𝑛
𝜓𝑘,𝑠′

T
𝑘

‖𝐸𝑘
′ − 𝜓𝑘𝑠′

T
𝑘

‖
𝐹

2
 (22) 

We can use singular value decomposition (SVD) to 

decompose the error to update the column 

𝐸𝑘
′ = 𝑈Σ𝑉T (23) 

Let 𝜓𝑘 = 𝑢1, where 𝑢1 is the first column of U. Let 𝑠′
T
𝑘

=

𝛴1,1𝑣T
1, where Σ1,1 is the first singular value and 𝑣T

1 is the first 

row of V. At last, update 𝑠T
𝑘 with 𝑠′

T
𝑘
. The weights Ψ are used as 

output layer weights 𝑊Ψ and trained with the other layers using 

back-propagation. Algorithm 1 describes the above output layer 

optimizing process in pseudo-code. 

Algorithm 2: the training process of RMVS-DCS 

 Input: training set 𝑋 = {𝑥𝑖}𝑖=1
𝑛 , 𝑥𝑖 ∈ ℝ𝐿  

 Output: reconstruction result 𝑋′ = {𝑥𝑖
′}

𝑖=1

𝑛
, 𝑥𝑖

′ ∈ ℝ𝐿  

 
Task: find a parameter group {𝑊(𝑙), 𝐵(𝑙)}  by solving 

min
𝑊(𝑙),𝐵(𝑙)

MSE(𝑋, 𝑋′) 

 

Hyperparameters: epoch of RMVS-DCS 𝑛epoch, batch size 

𝑏,  

max iterations of K-SVD 𝑛iter, tolerance of K-SVD 𝑡 

 Reshape 𝑋 ∈ ℝ𝑛×𝐿 → 𝑋 ∈ ℝ𝑛𝑠×𝑁 

 Initialize atoms Ψ, Ψ ∈ ℝ𝑁×2𝑁 

 Update atoms Ψbest = 𝑢𝑝𝑑𝑎𝑡𝑒(𝑋, Ψ, 𝑛iter, 𝑡) 

 Initialize network parameters {𝑊(𝑙−1), 𝐵(𝑙−1)}, 𝑊Ψ = Ψbest 

 For epoch = 1,2, . . . , 𝑛epoch do 

     For batch = 1,2, . . . , 𝑛/𝑏 do 

         For each 𝑥𝑖 ∈ ℝ𝑠×𝑁 in 𝑋 do 

             Measurement matrix 𝑦𝑖 = (𝑊Φ𝑥𝑖
T)T, 𝑊Φ ∈ ℝ𝑀×𝑁 

 
            Linear layer 1 of RM 𝑧LL1 = (𝑊LL1𝑦𝑖

T)T +

𝐵LL1, 𝑊LL1 ∈ ℝ2𝑁×𝑀 

             // GLFR blocks 

             For block 𝑙 = 1,2, . . . , 𝑛SR_Block do 

                 Self-attention 𝑧𝑙 ′ = 𝐹SA(LN(𝑧𝑙−1)) + 𝑧𝑙−1 

                 CNN 𝑧𝑙 = 𝐹CNN(𝑧𝑙 ′) + 𝑧𝑙 ′ 

             end 

             Linear layer 2 of RM 𝑧LL2 = (𝑊LL2𝑧𝑙
T)T +

𝐵LL2, 𝑊LL2 ∈ ℝ2𝑁×2𝑁 

             Dictionary layer 𝑥𝑖
′ = (𝑊Ψ𝑧LL2

T)T 

         end 

         Reshape 𝑋′ ∈ ℝ𝑏𝑠×𝑁 → 𝑋′ ∈ ℝ𝑏×𝐿  

         // Calculate loss and gradient descent 

         MSE 𝐿MSE(𝑋, 𝑋′), 𝑋′ = {𝑥𝑖̂}𝑖=1
𝑏  

         Batch loss 𝑙𝑜𝑠𝑠(𝑋, 𝑋′;  𝑊(𝑙), 𝐵(𝑙)) 

         Calculate gradients 
𝛿𝑙𝑜𝑠𝑠

𝛿𝑊(𝑙) ,
𝛿𝑙𝑜𝑠𝑠

𝛿𝐵(𝑙) 

 
        Update weights 𝑊(𝑙) ← 𝑊(𝑙) − 𝜂

𝛿𝑙𝑜𝑠𝑠

𝛿𝑊(𝑙) , 𝐵(𝑙) ← 𝐵(𝑙) −

𝜂
𝛿𝑙𝑜𝑠𝑠

𝛿𝐵(𝑙) 

     end 

 end 

In the network training stage, the back-propagation 

algorithm optimizes the parameters. We select the mean square 

error (MSE) as the loss function 

𝐿MSE(𝑋, 𝑋′) =
1

𝑏 × 𝐿
∑ ∑(𝑥𝑖,𝑗 − 𝑥𝑖,𝑗′)2

𝐿

𝑗=1

𝑏

𝑖=1

, 𝑥𝑖,𝑗

∈ 𝑋, 𝑥𝑖,𝑗′ ∈ 𝑋′ 

(24) 

where 𝑥𝑖,𝑗  and 𝑥𝑖,𝑗′  are the elements of labels 𝑋 ∈ ℝ𝑏×𝐿  and 

reconstructed results 𝑋′ ∈ ℝ𝑏×𝐿. Adam is used as the optimizer. 

The whole training process is shown in Algorithm 2: 

(1) the original data 𝑋 ∈ ℝ𝑛×𝐿  is split into 𝑋 ∈ ℝ𝑛𝑠×𝑁; 

(2) use C sub-segments of the samples as atoms to initialize 

a matrix Ψ(0) ∈ ℝ𝑁×𝐶  and update the weights by optimizing Eq. 

(17); 

(3) initialize the parameters of the output layer 𝑊Ψ by Ψ and 

the other parameters of the network; 

(4) the training data X passes through the measurement 

module and the reconstruction module in turn to obtain the 

prediction results 𝑋′ ∈ ℝ𝑏×𝐿; 

(5) the loss is calculated by 𝐿MSE(𝑋, 𝑋′) , acquiring the 

gradient 
𝛿𝑙𝑜𝑠𝑠

𝛿𝑊(𝑙) ,
𝛿𝑙𝑜𝑠𝑠

𝛿𝐵(𝑙). 

(6) update the weights 𝑊(𝑙) ← 𝑊(𝑙) − 𝜂
𝛿𝑙𝑜𝑠𝑠

𝛿𝑊(𝑙) , 𝐵(𝑙) ←

𝐵(𝑙) − 𝜂
𝛿𝑙𝑜𝑠𝑠

𝛿𝐵(𝑙); 

(8) repeat (4), (5), (6) until the loss converges. 

3.2. Improved CS reconstruction evaluation method 

combined with the accuracy of PHM tasks 

The traditional CS reconstruction evaluation method, which is 

still used by most related studies today, only considers the 

numerical accuracy of the reconstructed signal and uses some 

statistical characteristics to measure the quality of the 
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compressed sensing result. It might bring potential dangers to 

the health status analysis without considering whether the result 

can effectively adapt to PHM tasks, even causing severe 

accidents due to misjudgments. 

We improve the CS reconstruction evaluation method in the 

PHM framework to combine statistical characteristics with the 

accuracy of various PHM tasks. The statistical characteristics 

used to measure the value accuracy include mean square error 

(MSE), signal-to-noise ratio (SNR), and cosine similarity 

(Similarity). 

MSE is calculated by Eq. (25) 

MSE(𝑋, 𝑋′) =
1

𝑛 × 𝐿
∑ ∑(𝑥𝑖,𝑗 − 𝑥𝑖,𝑗′)2

𝐿

𝑗=1

𝑛

𝑖=1

, 𝑥𝑖,𝑗

∈ 𝑋, 𝑥𝑖,𝑗′ ∈ 𝑋′ 

(25) 

It can measure the deviation between the predicted and 

actual values. The smaller the MSE is, the closer the prediction 

result is to the actual result. Conversely, a larger MSE indicates 

a more significant prediction error. Since MSE squares the error, 

it is more sensitive to significant errors. In other words, MSE 

will increase significantly if some reconstruction values deviate 

from the true value. The property helps to make it more obvious 

when evaluating reconstruction accuracy. 

SNR is an essential criterion for measuring the quality of the 

reconstruction signal. It represents the ratio of the actual signal 

power to the reconstruction noise (error) power 

SNR(𝑋, 𝑋′)=10log10(∑ ∑ 𝑥𝑖,𝑗
2

𝐿

𝑗=1

𝑛

𝑖=1

/ ∑ ∑(𝑥𝑖,𝑗 − 𝑥𝑖,𝑗′

𝐿

𝑗=1

)2

𝑛

𝑖=1

), 𝑥𝑖,𝑗

∈ 𝑋, 𝑥𝑖,𝑗′ ∈ 𝑋′ 

(26) 

High SNR means the signal quality is good, and the 

reconstruction noise has little interference with the signal. Low 

SNR indicates more reconstruction noise components in the 

signal and poor reconstruction quality. 

Similarity is the cosine of the angle between two vectors in 

the vector space, which is a criterion of the difference between 

the reconstructed result and the original signal 

Similarity(𝑋, 𝑋′) = ∑ ∑ 𝑥𝑖,𝑗𝑥𝑖,𝑗′

𝐿

𝑗=1

𝑛

𝑖=1

/√∑ ∑ 𝑥𝑖,𝑗
2

𝐿

𝑗=1

𝑛

𝑖=1

√∑ ∑ 𝑥𝑖,𝑗′2

𝐿

𝑗=1

𝑛

𝑖=1

, 𝑥𝑖,𝑗

∈ 𝑋, 𝑥𝑖,𝑗′ ∈ 𝑋′ 

(27) 

The range is [-1, 1]. The closer the result is to 1, the smaller 

the angle between the reconstructed result and the original 

signal is in the vector space. When it is closer to -1, there is  

a larger angle. The cosine distance distinguishes the difference 

more from the direction and is not sensitive to the absolute value, 

which is the main reason for choosing it as the criterion. 

In the PHM scenario, the collected signals are used to 

analyze the operating status of the equipment. This is the most 

essential difference between vibration signal compressed 

sensing in PHM scenarios and ordinary compressed sensing. In 

addition to the above evaluation criteria, the reconstruction 

result is input into the diagnostic model of the subsequent PHM 

task, and the diagnostic accuracy is included in the criteria to 

measure the fitness, such as the prediction error of the rotor 

imbalance value and the classification accuracy of bearing fault 

diagnosis. The scenario where the compressed sensing 

algorithm is used determines what PHM task should be used as 

the evaluation criterion. Assuming that Acc is the accuracy of 

the PHM task 

𝐴𝑐𝑐 = 𝐹PHMTask(𝑋′) (28) 

where 𝐹PHMTask  is the diagnostic algorithm for the PHM task. 

We think the following points need to be noted when using the 

criterion: (1) if necessary, discuss Acc for more than one type of 

the tasks. (2) Compare with a control group that uses raw data 

as the input. (3) Compare with other CS reconstruction methods. 

The improved evaluation method measures the numerical 

accuracy as well as adaptability of the PHM framework. We will 

use the method to evaluate the performance of RMVS-DCS on 

a private rotor imbalance data set and two bearing fault 

diagnosis data set to prove its advantages. 

4. Experimental verification 

To evaluate the proposed method, we conduct experiments on a 

private rotor data set and two bearing data sets. 

4.1. Experiments on a private rotor imbalance data set 

4.1.1. Experiment platform and data set 

Rotor imbalance is a common equipment problem. Some 

scholars have studied it through vibration signals [41]. Fig. 3 is 

an experiment platform of the rotor, which includes a motor,  

a rotor, a sensor, and data acquisition equipment. We acquire  

a private data set of the vibration signal by it. The rotor speeds 

are 1200 RPM and 1500 RPM. The values of imbalance are 

from 1 to 12.1 g. The sampling rate is 5.12 kHz, and sampling 

time is 0.8 s. 
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We get the samples of all working conditions without 

overlapping. Based on the rotational speed and the sampling 

frequency, a single period can contain a maximum of 256 

sampling points. To reduce the feature loss caused by 

incomplete periods, the sample length must be greater than 256, 

and we select 512 in the experiment. Then, divide them into the 

train set, validation set, and test set according to the proportion 

of 6:2:2. There are 6691, 2230, and 2231 samples, respectively. 

 

Fig. 3 Rotor test platform. 

All the experiments are performed on a workstation. The 

CPU is 11th Gen Intel (R) Core (TM) i5-11500 @ 2.70 GHz 

2.71 GHz, and the GPU is NVIDIA GeForce RTX 3060. 

4.1.2. Ablation experiment 

Before the experiment, we tune the primary hyperparameters of 

RMVS-DCS. The model converges when the epochs are set to 

150 during training. The basic settings are shown in Table 1.

Table 1. Basic settings of RMVS-DCS. 

Component name Main parameters Output dimensions 

Measurement matrix In channels = 32, bias = false (64, 16, 32×CR) 

1st linear projection layer In channels = 32×CR (64, 16, 64) 

GLFR block 

Self attention head = 1, 

Convolutional kernel size = [7, 3, 1] 

Convolutional channels = [32, 64, 1] 

(64, 16, 64) 

2nd linear projection layer In channels = 64 (64, 16, 64) 

Output layer optimized by new strategy epochs of train = 20 (64, 16, 32) 

Table 2. Basic information of each group in the ablation experiment. 

Group Measurement Reconstruction Output layer 

RMVS-DCS Learnable GLFR block New optimizing strategy 

A Gaussian   

B Bernoulli   

C Hadamard   

D  TEL dim_feedforward = 128  

E  TEL dim_feedforward = 256  

F  TEL dim_feedforward = 512  

G   Back-propagation 

 

As shown in Table 2, to prove the effectiveness of the 

components in the model, we conduct an ablation experiment 

on the learnable measurement matrix, GLFR block, and output 

layer optimized by the improved strategy: 

(1) select the measurement matrices commonly used in 

classic compressed sensing (Gaussian, Bernoulli, and 

Hadamard matrices) to compare with the learnable 

measurement matrix; 

(2) replace GLFR blocks with several Transformer encoder 

layers (TEL) [39] that have different dimensions of the feed-

forward layers; 

(3) use the learned weights obtained by back-propagation to 

replace the current output layer. 

Fig. 4 shows each group's MSE, SNR, and Similarity in the 
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ablation experiment. Compared with A, B, and C, the 

reconstruction accuracy of RMVS-DCS is significantly higher. 

Similarity is 0.7010 when CR is 0.125 and 0.9947 when CR is 

0.875, indicating that the weights obtained by back-propagation 

can generate the measurement vector preserving more vital 

reconstruction information than those random matrices, which 

is more suitable for the model. The Hadamard matrix performs 

the worst, and its Similarity is 0.4734 when CR is 0.125. When 

CR is larger than 0.375, the reconstruction accuracies of D, E, 

and F decrease substantially (e.g., SNR0.375
E = 7.7620 →

SNR0.5
E = 0.0559 ). The results indicate that training the 

Transformer encoder layer as the main structure at the 

reconstruction stage is challenging. At the same time, the GLFR 

block is more accessible for training and obtaining stable 

reconstruction results due to alternative global information 

fusion and local feature learning. When comparing the output 

layers, the reconstruction accuracies of RMVS-DCS are better 

than those of G (e.g., SNR0.125
RMVS-DCS-SNR0.125

G = 0.5197 , 

SNR0.875
RMVS-DCS-SNR0.875

G = 1.9930). It shows that introducing the 

signal structure prior by the proposed optimizing strategy is 

better than training entirely relying on back-propagation. We 

speculate the strategy can give better initial parameters to the 

network and restrict the space of solutions, improving 

generalization performance to get a better effect.

 

Fig. 4. Results of the ablation experiment on the rotor data set. 

4.1.3. Comparison experiment 

To prove the superiority of the method, we choose several 

classical and state-of-the-art (SOTA) methods from greedy, 

convex optimization, Bayesian, and DCS methods as 

comparison groups: (1) OMP [42], (2) VSFBP [32], (3) BP [13], 

(4) IISTA [43], (5) BSBL [31], (6) ISTA-Net [24], (7) DCSNet 

[35]. The results of the reconstruction are shown in Fig. 5.

 

Fig. 5. Results of the comparison experiment on the rotor data set. 

The results show that the greedy methods (OMP, VSFBP) 

do not perform well in the task. Similarity of OMP is 0.1607 

when CR is 0.125, which is lower than Similarity0.125
RMVS-DCS. The 

convex optimization methods (BP and IISTA) are in the middle. 
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SNR are 3.6007 and 3.7160 when CR is 0.5. The best 

performance is achieved by the DCS methods: ISTA-Net, 

DCSNet, and RMVS-DCS. ISTA-Net performs worse than the 

other two methods, although it has better interpretability. 

Between the other two methods, RMVS-DCS performs better 

than DCSNet ( SNR0.125
RMVS-DCS-SNR0.125

DCSNet = 1.3853 , 

SNR0.875
RMVS-DCS-SNR0.875

DCSNet = 6.3056 ), which proves that the 

proposed method has superior reconstruction accuracy in the 

task. 

Fig. 6 shows some visual reconstruction results of RMVS-

DCS. Its reconstruction results not only perform superior in the 

statistical characteristics but also have minimal reconstruction 

errors for most sample points. 

To evaluate their suitability in PHM scenarios, we use the 

raw data and the reconstruction results of the above methods as 

samples, inputting them into the multi-layer perceptron to 

predict the imbalance value of the rotor. The network structure 

and hyperparameters are shown in Table 3.

 

Fig. 6. Some reconstruction results of RMVS-DCS (red) and their original signals (blue) on the rotor data set. 

The experiment results are shown in Fig. 7. The raw data 

prediction error is 0.0944 g. The prediction errors of RMVS-

DCS under CR in the figure are 0.1913 g, 0.1717 g, 0.1518 g, 

and 0.1092 g. When CR is 0.875, the prediction gap between the 

reconstructed signal of the proposed method and the actual 

signal is only 0.0147 g. It shows that the proposed method has 

less critical information for the imbalance value prediction lost 

in the compression-reconstruction process. At low CR, it has 

obvious advantages over the second model (DCSNet) which has 

a prediction error of 1.1137 g when CR is 0.5. Meanwhile, OMP 

has the most significant prediction error (2.9346 g). ISTA-Net 

is behind RMVS-DCS and DCSNet in error (1.3945 g). Its 

accuracy is only higher than OMP (1.5382 g) and VSFBP 

(1.3391 g) when CR is 0.875 and exceeded by BP (0.3658 g), 

IISTA (0.3806 g) and BSBL (0.3646 g). We think that the 

manual design in ISTA-Net might lose more critical information 

about the rotor running status.

Table 3. The network structure and hyperparameters in the PHM tasks. 

Components Parameters Other settings 

1st linear layer Input size = 512 

Output size = 256  

Batchnorm = True 

Activation = RELU 

2nd linear layer Input size = 256 

Output size = 128  

Batchnorm = True 

Activation = RELU 

3rd linear layer Input size = 128 

Output size = 64  

Batchnorm = True 

Activation = RELU 

4th linear layer Input size = 64 

Output size = 32  

Batchnorm = True 

Activation = RELU 

5th linear layer Input size = 32 

Output size = 8  

Batchnorm = True 

Activation = RELU 

Output layer Input size = 8 

Output size = 1 

 

Training settings Epochs = 100, Batch size = 64, Optimizer = Adam 
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Fig. 7. Experiment results of the rotor imbalance prediction using original and reconstructed signals  

4.2. Experiments on the Case Western Reserve University 

bearing data set 

Rotating machinery fault diagnosis is an important PHM task in 

actual industrial scenarios, and it often uses vibration signals as 

the input for diagnosis [44]. In this section, we perform several 

experiments using the Case Western Reserve University 

(CWRU) bearing data set. 

4.2.1. Experiment platform and data set 

 

Fig. 8. CWRU bearing data set acquisition platform. 

The CWRU bearing data set is commonly used in 

compressed sensing and PHM tasks of rotating machinery [2, 

45, 46]. Its acquisition platform is shown in Fig. 8. The platform 

is driven by a 2 hp motor. SKF6205 and SKF6203 bearings are 

installed at the drive end (DE) and fan end (FE) with sampling 

frequencies of 12kHz/48kHz and 12kHz. Different loads (0 hp, 

1 hp, 2 hp, 3 hp) and speeds (from 1730 RPM to 1797 RPM) are 

set during the sampling to simulate the variable operating 

condition. 

We choose FE data, which contains inner ring fault (IF), 

rolling element fault (REF), and outer ring fault (OF). The faults 

are 0.007 inches, 0.014 inches, and 0.021 inches. The samples 

in the data set have a length of 512 (a single period can contain 

a maximum of 423 sampling points) and are divided into train, 

validation, and test sets with a proportion of 6:2:2. 
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4.2.2. Comparison Experiment

 

Fig. 9. Comparison experiment results on the CWRU bearing data set. 

In the experiment, the models used for comparison are the 

same as in Section 4: (1) OMP, (2) VSFBP, (3) BP, (4) IISTA, 

(5) BSBL, (6) ISTA-Net, (7) DCSNet.

 

Fig. 10. Some reconstruction results of RMVS-DCS (red) and their original signals (blue) on the CWRU bearing data set. 
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MSE, SNR, and Similarity of the bearing vibration signal 

reconstruction are shown in Fig. 9. The numerical 

reconstruction accuracies of the matching pursuit methods are 

still not as good as those of the other methods. Similarity of 

VSFBP is 0.2085 when CR is 0.125 and 0.9245 when CR is 

0.875. The reconstruction accuracies of BP and IISTA are worse 

than those of ISTA-Net and DCSNet, except when CR is 0.875, 

MSE of the former two are 0.0012 and 0.0014, which are better 

than those of the latter two (0.0048 and 0.0017). Among the 

three DCS methods, RMVS-DCS has more obvious advantages 

than ISTA-Net and DCSNet. Similarity is 0.9205, 0.9661, 

0.9842, 0.9919, 0.9956, 0.9972, 0.9985, respectively. It is 

higher than 0.7126 of ISTA-Net and 0.7010 of DCSNet when 

CR is 0.125. These experiment results show that RMVS-DCS 

has better numerical reconstruction accuracy than the above 

matching pursuit, convex relaxation, Bayesian, and DCS 

methods in the compressed sensing task of the bearing vibration 

signal. 

Fig. 10 shows the reconstructed signals by RMVS-DCS 

compared to the original signals under various CR. When CR < 

0.25, there is a small gap between the original and reconstructed 

waveforms, but for larger CR, the gap almost disappears. 

Therefore, if it is necessary to save more accurate bearing 

vibration data under actual production conditions, a value larger 

than 0.125 can be used, such as 0.25, which is an ideal value to 

achieve the balance between CR and accuracy. 

Unlike the prediction task in Section 4, a fault classification 

task is introduced in the following. We input the raw data and 

the reconstruction results generated by each method into the 

multi-layer perceptron, and the experiment results are shown in 

Table 4.

Table 4. Results of the bearing fault diagnosis experiment on the CWRU data set. 

Method 
Accuracy under various CR (%) 

0.125 0.25 0.375 0.5 0.625 0.75 0.875 Raw 

OMP 75.63 91.48 97.95 99.26 99.26 99.60 99.83 

100.00 

VSFBP 74.77 90.57 98.18 99.32 99.60 99.77 99.94 

BP 84.49 96.99 99.38 99.60 100.00 100.00 100.00 

IISTA 86.19 96.70 99.09 99.83 99.94 100.00 100.00 

BSBL 84.49 96.48 99.15 99.77 100.00 100.00 100.00 

ISTA-Net 89.60 98.30 99.55 100.00 100.00 100.00 100.00 

DCSNet 92.33 99.15 99.89 100.00 100.00 100.00 100.00 

RMVS-DCS 98.69 99.83 100.00 100.00 100.00 100.00 100.00 

 

In the fault classification experiment, our diagnosis network 

architecture is the same as in Table 3, except we change the last 

two layer dimensions (the output size of the 5th linear layer is 

16, while the input and output sizes of the output layer are 16 

and 9) and add a softmax layer. The classification accuracy of 

the raw data is 100.00%. For OMP and VSFBP, the fault 

classification accuracies are 75.63% and 74.77% when CR is 

0.125. At the same CR, the recognition accuracies of BP, IISTA, 

BSBL, and ISTA-Net are between 80.00% and 90.00%, while 

DCSNet and RMVS-DCS exceed 90.00%. For RMVS-DCS, the 

recognition accuracies of the reconstruction results can reach 

100.00% when 𝐶𝑅 ≥ 0.375 , DCSNet and ISTA-Net need to 

meet the condition of 𝐶𝑅 ≥ 0.5 . The other models require  

a larger CR. Even they are out of reach. The experiment results 

prove that the compression-reconstruction bearing vibration 

data of RMVS-DCS can provide inputs for fault diagnosis 

models to obtain high-accuracy fault classification results under 

various CR conditions, which is suitable for long-term bearing 

monitoring. 

4.3. Experiments on the Shandong University bearing 

data set 

4.3.1. Experiment platform and data set 

The acquisition platform for the Shandong University (SDU) 

bearing data set consists of the following devices: a motor with 

its control system, a shaft, bearing housings (including 

bearings), a radial force loading device, a data acquisition 

instrument, a laptop, etc. Two acceleration sensors are installed 

in horizontal and vertical directions on the bearing housing.
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Fig. 11. SDU bearing data set acquisition platform and one of the faulty bearings. (a) platform, (b) faulty bearing. 

Different from the CWRU bearing data set, it contains single 

fault conditions (OF, IF, REF, IF') as well as compound fault 

conditions (IOF: IF+OF, IRF: IF+REF, ORF: OF+REF, IORF: 

IF+OF+REF) with speed at 1750 RPM, 2000 RPM, and 2250 

RPM, respectively. The sampling frequency is 12.8 kHz. The 

sampling segment length is 16384 points, and the sampling time 

is 1 minute. The SDU bearing data set acquisition platform and 

one of the faulty bearings are shown in Fig. 11. 

4.3.2. Comparison Experiments 

We conduct comparison experiments on the SDU bearing data 

set. We divide the samples, and each has a length of 512, 

because the maximum number of sampling points for one period 

is approximately 439. There are 13398 train samples, 4666 

validation samples, and 4666 test samples. Table 5 shows MSE 

of the reconstruction results under various CR. When CR is 

0.125, Only RMVS-DCS has an MSE below 5.0000. Those of 

OMP, VSFBP, BP, IISTA, and BSBL even exceed 10.0000. 

When CR is 0.875, MSE of RMVS-DCS is 0.0258, which is 

11.81% of the 2nd best method.

Table 5. MSE of the reconstruction on the SDU bearing data set. 

Method 
MSE under various CR 

0.125 0.25 0.375 0.5 0.625 0.75 0.875 

OMP 20.2147  14.0797  9.2335  6.8766  5.6841  4.8839  4.4814  

VSFBP 15.6834  10.4459  8.6243  7.5775  7.1295  6.8635  6.7020  

BP 10.6958  7.9562  5.5665  3.7573  2.3650  1.3129  0.5072  

IISTA 10.7820  7.8359  5.5530  3.7014  2.3796  1.2884  0.4995  

BSBL 11.0212  8.5829  6.4266  4.6434  3.2082  2.0660  1.0343  

ISTA-Net 7.1695  4.5189  3.0434  2.0983  2.0243  1.1813  0.7301  

DCSNet 6.5915  4.3402  2.9354  1.9725  1.1992  0.6248  0.2185  

RMVS-DCS 4.1242  2.3145  1.2425  0.7648  0.4178  0.1859  0.0258  

Table 6. SNR of the reconstruction on the SDU bearing data set. 

Method 
SNR under various CR 

0.125 0.25 0.375 0.5 0.625 0.75 0.875 

OMP -2.8688  -1.2980  0.5342  1.8141  2.6412  3.3002  3.6737  

VSFBP -1.7665  -0.0016  0.8306  1.3926  1.6573  1.8224  1.9258  

BP -0.1043  1.1808  2.7320  4.4391  6.4495  9.0055  13.1362  

IISTA -0.1391  1.2470  2.7426  4.5043  6.4229  9.0873  13.2027  

BSBL -0.2344  0.8515  2.1081  3.5195  5.1253  7.0365  10.0412  

ISTA-Net 1.6330  3.6376  5.3543  6.9693  7.1252  9.4643  11.5539  

DCSNet 1.9981  3.8128  5.5112  7.2377  9.3991  12.2307  16.7940  

RMVS-DCS 4.0345  6.5434  9.2450  11.3523  13.9779  17.4949  26.0742  

 

Table 6 shows SNR of the reconstruction results under various CR. SNR of OMP and VSFBP have negative values at 

(a) (b)
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CR = 0.125 and CR = 0.25. SNR of BP, IISTA, and BSBL have 

negative values at CR = 0.125. The occurrence of negative 

values indicates that the reconstruction noise's power even 

exceeds the signal's power. Compared with ISTA-Net and DCS-

Net, RMVS-DCS has apparent advantages, and its SNR range 

is from 4.0345 to 26.0742 under various CR. It indicates that 

there are fewer noise components in the signal reconstructed by 

RVMS-DCS, and the energy of the reconstructed result is closer 

to the raw signal. 

Table 7 shows Similarity of the reconstruction results under 

various CR. When CR is 0.125, the angle between the 

reconstructed result of OMP and the raw signal in the vector 

space is about 79.39°. The direction gap is relatively large. 

When CR is 0.5, the angles of the other methods are larger than 

25°, while that of the proposed method is only 15.70°. The angle 

is reduced to 2.81° when CR is 0.875. This indicates that the 

reconstructed result of the proposed method is similar to the raw 

signal in the vector space. 

We randomly visualize two reconstructed results for each 

CR condition and compare them with the raw signals. The 

results are shown in Fig. 12. The reconstruction accuracy of the 

signal is positively correlated with CR. The lower CR causes 

more loss of structure information. When CR is 0.125, the 

proposed method still recovers most of the waveform, but there 

is a certain error in predicting the large peaks. When 𝐶𝑅 ≥ 0.25, 

the recovery accuracy becomes very reliable. 0.25 is 

recommended to balance CR and reconstruction accuracies.

Table 7. Similarity of the reconstruction on the SDU bearing data set. 

Method 
Similarity under various CR 

0.125 0.25 0.375 0.5 0.625 0.75 0.875 

OMP 0.1842  0.3932  0.5565  0.6532  0.7070  0.7457  0.7658  

VSFBP 0.2052  0.3977  0.4869  0.5489  0.5762  0.5935  0.6039  

BP 0.3123  0.5337  0.6941  0.8029  0.8800  0.9351  0.9754  

IISTA 0.3000  0.5414  0.6949  0.8060  0.8792  0.9363  0.9758  

BSBL 0.2838  0.4858  0.6369  0.7493  0.8330  0.8957  0.9492  

ISTA-Net 0.5618  0.7540  0.8418  0.8940  0.8979  0.9418  0.9644  

DCSNet 0.6074  0.7645  0.8479  0.9011  0.9409  0.9696  0.9895  

RMVS-DCS 0.7778  0.8822  0.9386  0.9627  0.9798  0.9911  0.9988  

 

Fig. 12. Some reconstruction results of RMVS-DCS (red) and their original signals (blue) on the SDU bearing data set. 
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We send the results of the reconstruction experiment to the 

diagnostic model for fault detection. The reconstruction results 

are shown in Table 8. When CR is 0.125, RMVS-DCS has the 

highest accuracy (76.66%) and 17.27% higher than the next-

best model. At the same time, those of OMP, VSFBP, BP, IISTA, 

and BSBL do not exceed 50.00%, which indicates that these 

methods do not restore the fault features of the highly 

compressed signal well. When CR is between 0.25 and 0.75, the 

accuracy of the proposed method is still the highest. When the 

CR is 0.875, it (98.65%) even exceeds the raw signal group 

(98.39%). We infer this is because the proposed model actually 

forms a set of filters. They filter the irrelevant noise, making the 

fault features easier to identify. This is not the case for the other 

models. Through the experiment, we can conclude that the 

proposed framework is suitable for single bearing fault 

scenarios and has a solid recovery ability for the signal with 

mixed faults.

Table 8. Results of the bearing fault diagnosis experiment on the SDU data set. 

Method 
Accuracy under various CR (%) 

0.125 0.25 0.375 0.5 0.625 0.75 0.875 Raw 

OMP 34.46  54.37  68.11  78.20  82.62  84.91  88.04  

98.39 

VSFBP 33.99  52.89  62.34  68.28  70.47  71.24  74.58  

BP 42.09  64.92  79.45  88.51  92.54  95.61  97.45  

IISTA 42.65  64.62  79.88  88.36  92.76  96.10  97.32  

BSBL 41.04  61.83  76.32  85.98  90.89  93.87  96.12  

ISTA-Net 52.57  75.44  86.76  91.60  93.01  95.20  96.66  

DCSNet 59.39  77.95  88.13  92.35  95.33  96.91  98.29  

RMVS-DCS 76.66  89.20  94.45  95.48  97.21  98.03  98.65 

 

5. Conclusions and prospects 

We propose a DCS framework (RMVS-DCS) based on global-

local feature alternating reconstruction and signal structure prior, 

and a dual evaluation method that combines reconstruction and 

PHM task accuracy. We evaluate the framework on three data 

sets, and the conclusions are as follows: 

(1) The reconstruction SNRs on the rotor data set are 2.9357, 

5.2431, 7.8123, 10.5474, 12.9601, 15.7178, and 19.7556 

(compression ratio: from 0.125 to 0.875). When using other 

modules replace the learnable measurement matrix, GLFR 

blocks, and the pre-trained output layer, the numerical 

accuracy decreased to varying degrees, even does not 

converge. It proves the effectiveness of the modules in 

improving reconstruction accuracy and convergence 

stability. 

(2) The proposed method has advantages over the comparison 

method in numerical and PHM task accuracy, e.g., on the 

rotor unbalance data set, its reconstruction and prediction 

error are reduced by 82.60% and 89.90% (compression 

ratio is 0.5). The results demonstrate its advanced 

reconstruction ability and PHM compatibility. 

(3) The improved evaluation method indicates the quality of 

the reconstruction results for the PHM task and is more 

suitable for evaluating and selecting the CS method in PHM 

scenarios. 

Next, we will extend the framework to multi-modal data 

fusion compressed sensing, such as vibration-sound and 

vibration-temperature. This will further broaden its industrial 

applicability range.
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