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Abstract

To address the issue of excessive dependence on expert prior knowledge in ex-
isting rotating machinery fault identification algorithms, an adaptive fault iden-
tification algorithm based on Shift-Invariant Dictionary Learning and Sparse
Coding (SIDL-SC) is proposed. First, vibration signals under different fault con-
ditions are segmented and subjected to smoothing preprocessing to reduce data
processing complexity. Next, a shift-invariant dictionary learning algorithm
incorporating adaptive penalty factors is employed to extract shift-invariant ba-
sis functions for different fault states. Then, an efficient feature sign search
algorithm is utilized to solve for the sparse coefficients of the signal to be iden-
tified under different basis functions, thereby achieving reconstruction of the
signal. Finally, the reconstruction residual serves as the criterion for identifying
the fault state of the signal. Experimental results on rolling bearing vibra-
tion databases and measured aero-engine vibration signals demonstrate that
the algorithm achieves higher fault identification accuracy compared to existing
algorithms and exhibits strong feasibility in practical applications.
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Abstract: Existing fault recognition algorithms for rotating machinery rely ex-
cessively on expert prior knowledge. To address this limitation, we propose an
adaptive fault recognition algorithm based on Shift Invariant Dictionary Learn-
ing and Sparse Coding (SIDL-SC). The algorithm first segments and smooths
vibration signals under different fault conditions to reduce data processing com-
plexity. It then employs a shift invariant dictionary learning algorithm with an
adaptive penalty factor to extract shift invariant basis functions for different
fault states. Subsequently, an efficient feature sign search algorithm solves for
the sparse coefficients of the signal to be recognized under different basis func-
tions to achieve signal reconstruction. Finally, reconstruction residuals serve
as the criterion for identifying the fault state of the signal. Experimental re-
sults on rolling bearing vibration databases and measured aero-engine vibration
signals demonstrate that the proposed algorithm achieves higher fault recogni-
tion accuracy than existing methods and exhibits strong feasibility in practical
applications.

Keywords: shift invariant dictionary learning; sparse coding; feature sign
search; vibration signal; fault diagnosis

0 Introduction

Condition monitoring and fault diagnosis of mechanical equipment are crucial
for improving production efficiency and preventing accidents. In mechanical
fault diagnosis, effective extraction of fault features from monitoring data is
essential for fault pattern recognition. However, diverse operating conditions
and complex mechanical structures make feature extraction challenging. Time-
domain and frequency-domain feature extraction algorithms rely heavily on
manual feature selection and often require domain expert knowledge to perform
effectively.

Researchers have conducted extensive work on mechanical vibration fault fea-
ture extraction. Harmouche et al. [3] utilized spectrum analysis to study char-
acteristic frequencies and envelope spectra under different bearing faults, con-
structing linear classifiers for fault recognition. However, spectrum-based anal-
ysis methods still depend on manual experience and lack effective data-driven
mining. Wang et al. [4] proposed a bearing fault diagnosis method based on Em-
pirical Mode Decomposition (EMD) and grey relational theory, which decom-
poses vibration signals into Intrinsic Mode Functions (IMFs) and establishes a
grey relational model between IMF energy distribution and bearing fault states.
Nevertheless, EMD suffers from mode mixing, which may interfere with energy
distribution analysis across different signal states. Cai et al. [5] proposed a
rolling bearing fault diagnosis method based on higher-order statistics, which
essentially restores the signal’s higher-order spectrum to a power spectrum for
fault feature extraction. However, higher-order statistics are significantly af-
fected by singular values, leading to unstable algorithm performance.
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In recent years, dictionary learning-based feature extraction algorithms have
become a research hotspot in machine learning. The core idea is to construct
a sparse transform domain from raw data, enabling sparse projection of signals
to be recognized. Wright et al. [6] proposed a face recognition algorithm based
on Sparse Representation Classification (SRC), establishing the first connection
between sparse representation theory and pattern recognition. This enables
sparse representation features to serve as feature vectors for accurate pattern
recognition, offering new insights for fault pattern identification.

Dictionary construction typically follows two approaches: analytical dictionary
construction and adaptive dictionary construction. Analytical methods lever-
age prior knowledge about raw data to achieve sparsification, often using or-
thogonal transform bases to construct overcomplete dictionaries. Vibration
data commonly employs Discrete Cosine Transform [7] (DFT) and Fast Fourier
Transform [8] (FFT) as orthogonal bases. While these orthogonal bases have
well-established algorithmic frameworks, they lack flexibility and cannot guaran-
tee optimal sparsity for corresponding data types. Certain signals, particularly
those with wide time-frequency variations, remain non-sparse or insufficiently
sparse under these bases, affecting data reconstruction accuracy [9]. Adaptive
dictionary construction methods use raw data as training samples to construct
overcomplete dictionaries through algorithms like K-Singular Value Decompo-
sition [10] (K-SVD). Dictionaries constructed this way often achieve greater
sparsity for representing original data. From a pattern recognition perspective,
sparser features typically yield better classification performance.

For rotating machinery, characteristic features appear cyclically and repeatedly.
Therefore, we propose introducing shift invariant dictionary learning into rotat-
ing machinery fault recognition to capture essential features with time-shift in-
variance from raw data. These features can be shifted to construct overcomplete
dictionaries for effective identification of mechanical equipment fault states.

1.1 Shift-Invariant Feature Self-Learning Algorithm

In 2006, Smith [11] first proposed the Shift Invariant Sparse Coding (SISC)
algorithm in Nature and successfully applied it to acoustic signal feature ex-
traction. Conceptually, SISC treats the temporal shift of a feature pattern in
a time series as an independent event, and the learned basis functions exhibit
shift invariance relative to time. Regarding dictionary atoms, the basis func-
tions learned by SISC represent essential features that repeatedly appear in
signals, with each dictionary atom reflecting a specific characteristic of the sig-
nal. Consequently, the excellent shift-invariant properties of SISC have led to
its application in image processing [12] and signal processing [13].

SISC uses a dictionary D containing M basis functions {d,, }}_,, where each

basis function d,, € R has length P. Any input signal y; € RY can be rep-
resented as a convolution sum of these basis functions and their corresponding
coefficients. The basic mathematical model is:
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where the sparse penalty term controls the sparsity level. Typically, this is set
as a fixed value. However, due to varying training sample lengths, a fixed value
often fails to achieve optimal solutions. Therefore, we propose an improvement
to adapt to different training sample lengths for better sparsity control. Let
8= %, where L is the training sample length and A is defined as the sparsity
scale (typically A € [0.01,0.1]), thereby achieving an improved sparse penalty
term.

The dictionary learning stage involves simultaneous optimization of basis func-
tions d and coefficients x, which constitutes a non-convex problem that cannot
yield stable solutions. Therefore, drawing inspiration from the alternating op-
timization strategy in sparse coding, we update d and x iteratively until the
objective function converges. The optimization process comprises two parts:
coefficient solving and dictionary learning.

In the coefficient solving stage, with dictionary D fixed, we solve for sparse
coefficients . The model in Equation (1) decomposes into M independent
optimization problems. Since coefficients solved for each input signal y; are
independent of other inputs, we consider the coefficient solving optimization
problem for a single input.

We employ the efficient Batch-OMP algorithm [15] to find the best matching
atom in dictionary D, expressed as:

I}}l;l ly; — Z di * g )3 st |zl <T
-

In the dictionary learning stage, with coefficients x fixed, we solve for dictionary
matrix D. The original optimization problem transforms into a constrained
optimization problem:

Ubinz ly; — Zdj x x5 st [dyl5 <1
i J

Directly solving this equation involves enormous computational complexity. In
the dictionary learning stage, we draw on time-frequency domain conversion
concepts, converting computationally intensive convolution operations in the
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time domain to the frequency domain. Multiplication operations in the fre-
quency domain replace convolution operations in the time domain, reducing
computational complexity from O(N?) to O(N log N) and improving efficiency.
According to Parseval’s theorem, the optimization can be converted into the
following problem [14]:

mdinz 19; — Z d;z5 +c Z ld;13
i J J

where ¢ is a constant, dAj is the discrete Fourier transform of basis function d,
and @j and g, are the discrete Fourier transforms of z;; and y;, respectively.
Using the Lagrange multiplier method to solve this problem decomposes it into
a sum of quadratic terms. For each frequency f in the frequency domain, we
construct the Lagrange function:

2,0 =35 = S (NN +AS U DB - 1)

where A is the dual variable and [ is the identity vector. Since Jj( f) is a complex
function, we convert the complex function to a real function for solving using
complex formulas. The optimization parameters can be solved using Newton’s
method, and substituting into the objective achieves iterative updating of the
basis.

Therefore, the SIDL-SC algorithm implementation consists of four parts: data
preprocessing, shift-invariant dictionary learning, reconstruction coefficient solv-
ing, and residual calculation. The specific implementation steps are shown in
Figure 1 [Figure 1: see original paper].

1.2 Coefficient Solving Algorithm Based on Feature Sign
Search

Considering that the Batch-OMP algorithm requires presetting sparsity and
other parameters, which increases computational load to some extent, improper
parameter selection may lead to slow convergence or even failure to converge.
Since the sparsity of test samples is generally unknown, this paper introduces
the Feature Sign Search (FS) algorithm in the test sample identification stage
to solve for reconstruction coefficients of the signal to be recognized on different
basis functions. The FS algorithm, proposed by Lee [16], guesses coefficient
signs to divide coefficient components into a feasible set (®) and a zero set ().
It continuously searches for the component with the maximum gradient change
in the zero set and adds its index ¢ to the feasible set until convergence. The
specific steps are as follows:

a) Initialize x = 0, § = sign(—ATy), where 0 represents the coefficient com-
ponent sign.
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b) Search among coefficient components that are zero for the component with
the maximum gradient change and its index i, and add it to the feasible
set.

¢) Select submatrix A from matrix A, where A contains only column vectors
correspondmg to indices in the feasible set. Similarly, select sub-coefficient
vectors 7 and 0 corresponding to A and solve the unconstrained optimiza-
tion equation to obtain the optimal solution:

min |y — AZ[3 + 677
€T

Perform line search between z and Z,,,, find all coefficient vectors with sign
changes, compare their objective functions with that at z,.,,, and update Z to
the coefficient vector that minimizes the objective function. Remove indices 4
from the feasible set where coefficient components in z,,, are zero, and update
the sign set 6.

d) (a) If condition (b) holds, then the optimal solution is obtained; other-
wise, return to step c). (b) If Vi ¢ @, ‘%”9_145@ <+, and Vi € P,
sign(32-|ly — AZ|3) = 6;, then the optimal solution is obtained; oth-
erwise, return to step b).

1.3 Fault Recognition Algorithm Based on Reconstruction
Residual

Theoretically, the closer the basis function is to the true state of the signal to be
recognized, the smaller the error between the reconstructed signal and the origi-
nal signal. Therefore, we consider using reconstruction residual as the criterion
for fault recognition. Using the FS algorithm, we solve for the sparse coefficients
z; of the signal to be recognized y under shift-invariant basis functions of each
state. The reconstruction is performed using the following equation to solve for
basis functions and their corresponding sparse coefficients:

H>

2.1 Experimental Setup

This paper selects the open bearing vibration database from Case Western Re-
serve University for experiments [17]. Single-point faults were set on the bearing
outer ring, inner ring, and rolling elements using electric discharge machining
technology, with fault diameters of 0.18 mm, 0.36 mm, and 0.54 mm, respec-
tively. We divide different fault data into two groups as shown in Table 1

Experiment 1 uses samples from Dataset A for training and testing, while
Experiment 2 employs the basis functions learned from Experiment 1 to test
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samples under 1-2 hp loads, thereby evaluating the generalization capability of
the proposed algorithm.

2.2.1 Sparse Scale Parameter

In shift-invariant dictionary learning, we adopt an adaptive sparse scale param-
eter 8 to control the proportion of sparse coefficients in the objective function,
preventing coefficients from becoming too large while basis functions become too
small. In practice, larger 8 values yield faster convergence but higher reconstruc-
tion errors. Figure 2(a) compares reconstruction residuals of the original signal
under different 8 values using inner ring 18mm fault samples from Dataset A as
an example. The figure shows that lower sparse scales produce lower reconstruc-
tion errors, while reconstruction errors increase significantly as the sparse scale
grows. However, from a computational efficiency perspective, smaller 8 values
result in larger computational load per iteration, leading to slower convergence.
Therefore, balancing reconstruction error and computational time efficiency, a
sparse scale of 0.025 is appropriate.

2.2.2 Basis Function Length Selection

In shift-invariant dictionary learning, the selection of basis function length af-
fects sample representation. For rolling bearings, the learned basis functions
should contain at least one complete impact. From actual measurements, the
average interval between two adjacent peaks in rolling bearing signals is approx-
imately 76. Using experimental samples from the previous section, Figure 2
Figure 2: see original paper shows the sample recognition rate under different
basis function lengths. The figure indicates that basis functions achieve higher
recognition rates at lengths of 70-90. When basis function length is too short,
each shift-invariant basis function cannot learn a complete signal impact, pre-
venting optimal accuracy. Overly long basis functions may introduce informa-
tion redundancy, which is detrimental to subsequent FS-based reconstruction.
Therefore, we select a basis function length of 80.

2.2.3 Training Sample Length Selection

Experiments reveal that different training sample lengths significantly impact
fault recognition. Using samples from classes 1, 2, 5, and 8 under 0 hp load
as examples for training and testing, with 100 samples randomly selected from
each fault state for testing, the results are shown in Figure 3 [Figure 3: see
original paper|. The figure clearly shows that when training sample lengths
are 128 and 256, the reconstruction of class 8 faults exhibits overlapping re-
construction errors from basis functions learned from classes 2, 5, and 8, as all
three can reconstruct class 8 with low residuals. This overlap complicates cor-
rect sample identification. In contrast, input sample lengths of 512 and 1024
better avoid this phenomenon. Comparing original signals reveals that training
sample lengths of 128 and 256 contain 1 and 3 complete impacts, respectively,

chinarxiv.org/items/chinaxiv-201805.00216 Machine Translation


https://chinarxiv.org/items/chinaxiv-201805.00216

ChinaRxiv [$X]

while lengths of 512 and 1024 contain more complete impacts. From a basis
function self-learning perspective, more impacts enable basis functions to learn
more distinctive features, which is more conducive to subsequent reconstruction
and classification. However, increased training sample length leads to longer
learning time per batch. Therefore, we select a training sample length of 512.

2.3 Experimental Results

Based on the experimental discussions in the previous section, the final param-
eter values for the SIDL-SC algorithm are determined as shown in Table 2 .
Figure 4 [Figure 4: see original paper| displays some learned shift-invariant ba-
sis functions. In Experiment 1, 200 samples were randomly selected from each
state in Dataset A for testing, with results shown in Table 3 .

Table 3 demonstrates that the proposed method performs well on Dataset A,
with most samples achieving 100% recognition accuracy and only a few samples
having 1-2 misclassifications. As the dataset sample size increases, the algorithm
can achieve higher recognition accuracy.

2.4 Comparison with Traditional Methods

To demonstrate the superiority of the SIDL-SC algorithm in bearing fault recog-
nition, we conducted comparative experiments with algorithms from other re-
searchers. Liu [18] also utilized dictionary learning and sparse coding for bear-
ing fault recognition but did not explore parameter selection issues, instead
constructing a redundant dictionary from all basis functions and using an LDA
classifier for fault classification. Chen [19] extracted time and frequency do-
main features such as standard deviation, skewness, and kurtosis from vibra-
tion signals and fed them into a convolutional neural network classifier using
the LeNet5 model for fault recognition. Both methods, along with our algo-
rithm, were trained on samples under 0 hp and tested on samples under various
loads in Dataset B, with average results from 100 experiments shown in Figure
5 [Figure 5: see original paper].

The experimental results indicate that Chen’s algorithm using traditional time-
frequency domain features has relatively low recognition rates. While Liu’s algo-
rithm achieves high recognition rates on individual samples, its overall stability
is inferior to our proposed algorithm.

2.5 Aero-Engine Field Experiments

To verify the feasibility of our algorithm in actual equipment, we applied it to
measured vibration signals from a certain type of aero-engine. The experimental
data were collected from multiple test runs of this helicopter turboshaft engine
under four states: normal condition, rotor unbalance fault, rotor looseness fault,
and rubbing fault. Equal-arc sampling was employed with 128 data points

chinarxiv.org/items/chinaxiv-201805.00216 Machine Translation


https://chinarxiv.org/items/chinaxiv-201805.00216

ChinaRxiv [$X]

collected per cycle. Typical vibration signals are shown in Figure 6 [Figure 6:
see original paper].

Using the SIDL-SC algorithm for shift-invariant dictionary learning on vibration
signals under different states, the parameters were set as follows: training sample
length 256, basis function length 50, sparse scale 0.01, number of basis functions
2, with other parameters identical to Table 3. The learned shift-invariant basis
functions are shown in Figure 7 [Figure 7: see original paper].

The figure shows that basis functions under normal state have relatively smooth
waveforms, while those learned under fault states contain distinct characteristics
unique to each fault type. Recognition experiments were repeated 100 times for
each state, with recognition accuracy as the evaluation metric. Results are
shown in Table 4 and compared with methods from references [18] and [19].
The experimental results indicate that due to waveform similarities between
rotor unbalance fault, rotor looseness fault, and normal state, the algorithm’s
recognition rate is lower than that on the CWRU dataset. However, compared
with the two aforementioned algorithms, our algorithm still maintains higher
fault recognition rates, further verifying its feasibility.

3 Conclusion

SIDL-SC is a vibration signal fault recognition algorithm combining shift-
invariant dictionary learning and sparse coding, particularly demonstrating
high recognition accuracy for fault identification under multiple operating con-
ditions. The method uses raw vibration data as training samples and captures
shift-invariant basis functions reflecting essential characteristics of different
states through feature self-learning. Fault categories are determined based on
the minimum reconstruction residual criterion. Additionally, we optimize the
penalty factor in shift-invariant dictionary learning by using sparsity scale as a
variable, effectively solving the penalty factor setting problem under different
training sample lengths. Using the CWRU vibration database, we thoroughly
investigated the impact of different parameter selections on experimental
results and selected optimal parameters as final experimental variables. Fur-
thermore, we applied our algorithm to measured aero-engine vibration signals
and compared it with other researchers’ algorithms. The results demonstrate
that our algorithm possesses stronger generalization capability and can be
better applied to practical vibration data processing.
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